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Abstract This work presents a novel approach to detect a change in the state of a signal. We propose that
in a given state, the values of a signal vary in a subrange of a Gaussian distribution. We describe methods
to monitor a signal in real time for change points based
upon sub-Gaussian fitting. The proposed algorithm was
implemented and tested on heartrate variability data.
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Introduction

Figure 1 illustrates the problem of change point detection. A signal is being monitored over time, and
at some point changes from one state to a second
state. The goal is to detect the point in time at
which the change occurs. Several issues make the
problem difficult, including noise in the measurements, natural variations in the signal, and ambiguity about the defintion of ”state”. The latter issue
can be approached through the use of statistics to
model the properties of the signal. This approach
can be traced to work in industrial control in the
1920’s [12], where the concern was to monitor manufacturing processes and detect deteriorating conditions or failures. Today, the same approach cen
be found in a number of fields, including economics
[8], biology and genetics [3], and computer network
security [15]. Reviews of related work in the most
recent decades can be found in [1, 6].
The problem differs depending upon whether or
not the changes are being detected off-line versus
in real-time. In the off-line case, an entire data set
is available for analysis, and classic data grouping
and segmentation methods can be applied. In the
real-time case, we desire to detect changes as soon
as possible while the signal is being monitored. Figure 2 illustrates the additional facets of the prob-

Figure 1: A change point for a signal.
lem. It is expected that some amount of time must
elapse after the change has occurred before it can be
detected. The delay is the time between the change
and its detection. Statistics concerning this delay
must be considered in addition to the true positive and false alarm rates, collectively indicating
how well the change point detector is performing
[1, 6]. Real-time change point detection is prevalent in biomedical problems, such as monitoring intensive care patients [2], monitoring anesthesia [16],
and monitoring pregnancy contractions [9].
Most methods for change point detection model
the signal in terms of its statistics, and look for
changes in those statistics. A Gaussian model is the
most common, although other distributions have
been studied [6]. Traditionally, solutions to the
problem have taken one of two approaches: (a) segment the data at the change point into two distributions, each having its own statistics, or (b) detect
a substantial change in the distribution statistics
as new samples are obtained. Perhaps the most
popular example of the latter approach is the cumulative sum (CUSUM) method [11] (see [14] for
recent work), monitoring for a change in the mean.
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Figure 2: Detecting a change in real-time.
In this paper, we consider change detection
where the samples occur from different portions of
the same underlying distribution. Figure 3 illustrates our approach. During interval (a), samples
are primarily drawn from one subrange (the left
side of the distribution in this exampe); during interval (b), samples are primarily drawn from a different subrange. We solve for these subranges using
sub-Gaussian fitting, and monitor for change points
using an overlap statistic. This differs from all previous works in that we do not monitor for changes
in the mean and standard deviation of the distribution of the signal. Instead, we consider the case
where samples are primarily drawn from one portion of the distribution, and then in a subsequent
interval from another portion of the same distribution. This type of change may occur in many
biomedical and physiological signals, where it is
not the underlying distribution that changes, but
rather the range of operation of the system.
In section 2, we describe a method to monitor
a signal in real-time for change points based upon
sub-Gaussian fitting. In section 3, we present experiments on heartrate variability data where we
use our methods to detect state changes. We believe our methods could be applied to many other
problems involving the monitoring of biomedical
and physiological signals.

2

Methods

We first outline our method, and then describe its
steps in detail. Our change point detector requires
all the data obtained since the last detected change
point to be buffered. Each time a new data point
is acquired and added to the buffer, the following

frequency

(b)
(a)
signal

Figure 3: The state of a signal can be defined as a
subrange in its Gaussian distribution.

steps are taken. A range of possible split points
in the buffer is analyzed. Each possible split point
breaks the data into two sequences, one prior to
the split point and one after the split point. A
sub-Gaussian function is fit to the frequency distribution of both sequences. The possible split point
with the best fits (smallest residuals) is identified
as the best split. These two sub-Gaussian fits are
then analyzed for overlap. A change point occurs
when the sub-Gaussian fits of the two sequences are
substantially separate, as determined by an overlap statistic. Once a change point is detected, the
buffer is flushed of all data prior to the change
point, and the process repeats.
Formally, let a signal be represented as
xi , xi+1 , ..., xt where i−1 is the index of the last detected change point and t is the index of the most
recently acquired data point. Figure 4 illustrates
the timeline of the process. We search for the index s such that the range of data xi ...xs and the
range of data xs+1 ...xt yield the best fitting subGaussian distributions. The variable w is the minimum amount of data required on either side of the
change point. Therefore, at least 2w data needs to
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Figure 4: The indices and variables used in our
method.
be buffered during the operation of our algorithm.
An index j (not pictured in Figure 4) is varied from
i + w to t − w to search for the ideal split point s
in the data sequence.
A frequency distribution is computed by tabulating the occurrences of each possible signal value
xn . Formally, the frequency distribution fi,j can be
defined as
∀n,

f req(xn ) =

Z

j

(x = xn )

2

4

Figure 5: A Gaussian function fit to a set of data.

en = f (xn ) − ke

−(xn −µ)2
2σ 2

(3)

where in practice n is discretized in bin intervals as
previously described. The total residual error can
be defined as:

(1)
X

(e2n ) =

X

(f (xn ) − ke

−(xn −µ)2
2σ 2

)2

(4)

n

To solve for the k that provides the best fit, we take
the partial derivative of E with respect to k and set
this function equal to zero:
∂E
=0
∂k

(5)

Thus we get:

X

(f (xn ) − ke

−(xn −µ)2
2σ 2

)(−e

−(xn −µ)2
2σ 2

)=0

(6)

n

The function for a Gaussian distribution may be
written as
−(x−µ)2
2σ 2

E=

2

Gaussian Fitting

y = ke

0
x

i

In practice, the frequency distribution f (xn ) is calculated as a histogram with appropriate bin sizes.
For example, assuming the signal is normalized
with a mean equal to zero and a standard deviation
equal to one, then the frequency distribution could
be calculated using a histogram with bins ranging
from -4 to +4 where each bin size is 0.2, providing
a 40 point function for sub-Gaussian fitting.
The following subsections describe our methods
for sub-Gaussian fitting and computing an overlap
statistic.

2.1

−2

Solving for k gives:

k=

(2)

where µ and σ are the mean and standard deviation of the distribution, and k is a scaling constant.
Fitting a Gaussian curve to a set of data generally
involves solving for these three parameters. However, we assume that the mean and standard deviation are known a priori, and so are only interested
in solving for k. Given a frequency distribution
f (xn ), an error function for fitting can be defined
as

P

n (f (xn )e

P

n (e

−(xn −µ)2
2σ 2

−(xn −µ)2
2σ 2

)

(7)

)2

Figure 5 shows an example of a Gaussian function fit to a discrete frequency distribution with
µ = 0 and σ = 1.

2.2

Sub-Gaussian Fitting

We define a function for a sub-Gaussian distribution as follows:
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The function follows a regular Gaussian distribution within the range a to b, and is zero otherwise.
As before, we assume that the parameters µ and σ
are known a priori, and so we are only interested
in solving for the parameters k, a and b. Given a
frequency distribution f (xn ), an error function for
fitting can be defined as


f (xn )
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The total residual error can be defined as:

E=

freq(x)



0
−(x−µ)2
y = ke 2σ2


0

f (xn )2

(10)

Figure 6: A sub-Gaussian function fit to a set of
data.
example equal to 1σ, a minimum value for a, for
example −4σ, and a maximum value for b, for example 4σ. In this case the search range for (a, b) is
([−4σ...2σ], [a + σ...4σ]).
Figure 6 shows an example of a sub-Gaussian
function fit to a discrete frequency distribution with
µ = 0, σ = 1, a = −0.8 and b = 2.2.

n>b

Given specific values for a and b, the parameter
k can be found using Equation 5. For the partial
derivative of E with respect to k, the parts of the
function for x < a and x > b are constants. Thus,
b
X
−(xn −µ)2
−(xn −µ)2
∂E
=2
(f (xn ) − ke 2σ2 )(−e 2σ2 )
∂k
n=a
(11)
Setting Equation 11 equal to zero and solving for k
gives:

k=

Pb

n=a (f (xn )e

Pb

n=a (e

−(xn −µ)2
2σ 2

−(xn −µ)2
2σ 2

)

(12)

)2

The parameters a and b are obtained through a
brute force approach. For each possible combination of a and b, the parameter k is found using
Equation 12. The total residual E for each set of
values (a, b, k) is found using Equation 10. Each E
is scaled according to its respective k as E/k, in order to compare across sets. The set that produces
the minimum E/k is selected as the optimal fit. In
practice, the frequency space f (xn ) is discretized,
so that the total number of sets (a, b) evaluated is
finite. The search space for a and b can be further
reduced by requiring a minimum range b − a, for

2.3

Overlap Statistic

Given two sequences of data with sub-Gaussian
fits, we seek to determine the amount of overlap
of the sub-Gaussians. We do this by determining
the amount of overlap of the range [a1 , b1 ] of the
first sub-Gaussian to the range [a2 , b2 ] of the second sub-Gaussian. Because these ranges may or
may not overlap, we compute two intermediate values a′ and b′ as follows:


a1 a2 ≤ a1 anda1 ≤ b2
a′ = a2 a1 < a2 anda2 ≤ b1
(13)


0 otherwise


b1 a2 ≤ b1 andb1 ≤ b2
′
b = b2 a1 ≤ b2 andb2 < b1


0 otherwise
Using these values, the overlap with respect to
[a1 , b1 ] is
P1 =

b′ − a′
b1 − a1

(14)

The overlap with respect to [a2 , b2 ] is
P2 =

b′ − a′
b2 − a2

(15)
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The total overlap is computed as the average of the
two:

2.4

Pseudocode

Our algorithm can be implemented by the following
pseudo code:
Read data point xt

3
2
1
hrv

P1 + P2
(16)
Overlap =
2
The range of values that the overlap statistic can
take is [0, 1].
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Add to buffer: xi , xi+1 , xi+2 , ..., xt
while (xt )
for j = i + w to t − w
E(j) = subGaussianF its(i, j, t)
min(E(j)) → s, [a1 , b1 ], [a2 , b2 ]
O = Overlap(a1 , b1 , a2 , b2 )
if O < P then state change detected
at s, i = s + 1

3

Experimental Results

We tested our methods on data obtained from the
monitoring of heartrate variability. We first describe our measure of heartrate variability. We
then describe our data set and the experiments performed on this data.
The electrical activity of the heart, as measured
by the electrocardiogram, can be used to construct
an event series that indicates the time between individual heartbeats. Heartrate variability (HRV)
describes cyclical variations in an inter-beat interval (IBI) series related to autonomic nervous system activity. Roughly speaking, this analysis can
provide a measure of the restfulness of the subject. Our measure of HRV is described in detail in
[7]. Briefly, a 64 second window of the most recent
IBI values is analyzed using a fast Fourier transform. The magnitude of the power in the frequency
range 9-30 cycles per minute is found. After lognormalization, this power yields our measure. The
window of IBI data is continuously updated as new
heartbeats are detected.
Fortyfive subjects were monitored performing a
pair of tasks at a computer [5]. The first task was
to play a shooting video game, the second task was
to act as a sentry and indicate when an enemy appeared. The intent of the first task was to cause the
subject to experience a high workload, and thus

Figure 7: An example from our data set.
a decreased state of restfulness. The second task
was intended to mimic surveillance, and thus a low
workload and an increased state of restfulness. All
subjects performed these tasks for several different
intervals of time, ranging from 30 seconds to 8 minutes per task. In off-line analysis, it was found that
the minimum amount of time per task for which a
difference in the HRV measure could be found was 2
minutes [4]. This reflects the nature of the measure
as a minute-to-minute indicator of the restfulness
of the subject. For this experiment, we considered
two of the recordings for each subject, for a total
of 90 recordings. In the first recording, the subject
performed each task for 4 minutes, and in the second recording, the subject performed each task for
8 minutes.
Figure 7 presents an example recording of our
HRV measure. For this plot, and for every recording in our data set, the task was changed exactly in
the middle of the recording. Thus, in this experiment we define our goal as the automatic detection
of a change point occurring at the middle of each
recording. Due to the nature of our HRV measure,
and some small variability in the start and switch
times for tasks, we define a correct detection as
any within ±30 seconds of the task change. Any
other change points detected are considered false
positives.
We coded our methods in C, compiled using the
gnu gcc compiler, and executed on a standard desktop computer running the Ubuntu linux operating
system. For all sub-Gaussian fits, we ccomputed
the frequency space using a 40 point histogram and
searched the [a, b] space as described in Section 2.
The parameter w was set to 2 minutes, reflecting
the minimum amount of data to aggregate into a
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Figure 8: An example where a change point was
detected at the task change, with no false positives
(dashed line = change point, dotted line = time of
detection).

Figure 9: An example where a superfluous change
point was detected in addition to the change point
at the task change (dashed line = change point,
dotted line = detection).

state. The overlap statistic threshold was chosen
as 0.25.
Figure 8 shows an example where our method
found a change point corresponding to the task
change, with no false positives. The dashed line indicates the change point, the dotted line indicates
when the change was found. Figure 9 shows an example where our method detected a change point
at the task change, but also detected a change point
at another time. Figure 10 shows an example where
our method did not find any change points at all.
Across all 90 recordings, 17 change points were detected at task changes, and 71 change points were
detected at other times.
As can be seen in these examples, the type of
change we are seeking to detect is subtle, at best.
This can be explained by considering the nature of
the scenario under which our data was gathered.
The original intent was to determine if a change in
task caused a change in the HRV measure. In this
experiment we are addressing the opposite question; namely, can we automatically detect a task
change by monitoring HRV. Our goal is hampered
by the fact that the task may not have caused the
subject to change his or her HRV, or that changes
in the HRV measure may have occurred at times
other than when the task changed. For example, a
subject may rouse him or herself during the surveillance task, at times causing a fluctuation in our
measure that is independent of the task change.
Thus, the low rate of ”success” of our change point
detector on this data set must be viewed in the context of how it was evaluated. A deeper evaluation

of this data set can be found in [13].

4

Conclusions

In this paper, we presented a novel approach to detect a change in the state of a signal. Our methods
are based upon fitting a sub-Gaussian function to
the sequences of data preceding and succeeding a
suspected change point. An overlap statistic evaluates the overlap of the two fits, which can be thresholded to determine whether or not a change has occurred. We described an algorithm to implement
our method, and demonstrated its use on the monitoring of heartrate variability data.
As can be seen in the examples from Section 3,
we feel that our methods can successfully detect
changes that are quite subtle. In future work we
would like to apply our methods to other types of
data, particularly where the ground truth could be
more easily defined. We believe our methods could
be applied to many other problems involving the
monitoring of biomedical and physiological signals.
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Abstract - Mood disorders are highly heritable forms of
major mental illness. A major breakthrough in elucidating the
genetic architecture of mood disorders was anticipated with
the advent of genome-wide association studies (GWAS).
However, to date few susceptibility loci have been
conclusively identified.
The genetic etiology of mood
disorders appears to be quite complex, and as a result,
alternative approaches for analyzing GWAS data are needed.
Recently, a polygenic scoring approach that captures the
effects of alleles across multiple loci was successfully applied
to the analysis of GWAS data in schizophrenia and bipolar
disorder (BP). However, this method may be overly simplistic
in its approach to the complexity of genetic effects. Data
mining methods are available that may be applied to analyze
the high dimensional data generated by GWAS of complex
psychiatric disorders. We sought to compare the performance
of three data mining methods, namely, Bayesian Networks
(BN), Support Vector Machine (SVM), and Logistic
Regression (LR), against the polygenic scoring approach in
the analysis of GWAS data on BP. The different classification
methods were trained on GWAS datasets from the Bipolar
Genome Study (2,191 cases with BP and 1,434 controls) and
their ability to accurately classify case/control status was
tested on a GWAS dataset from the Wellcome Trust Case
Control Consortium. The performance of the classifiers in the
test dataset was evaluated by comparing area under the
receiver operating characteristic curves (AUC).
BN
performed the best of all the data mining classifiers, but none
of these did significantly better than the polygenic score
approach. We further examined a subset of SNPs in genes
that are expressed in the brain, under the hypothesis that these
might be most relevant to BP susceptibility, but all the
classifiers performed worse with this reduced set of SNPs.
The discriminative accuracy of all of these methods is unlikely
to be of diagnostic or clinical utility at the present time.
Further research is needed to develop strategies for selecting
sets of SNPs likely to be relevant to disease susceptibility and
to determine if other data mining classifiers that utilize other
algorithms for inferring relationships among the sets of SNPs
may perform better.
Keywords: data mining, Genome-Wide Association, Mood
Disorders

1

Introduction

Previous research from family, twin and adoption studies
shows that genetic factors play an important role in the
etiology of mood disorders [1, 2]. With the advent of
genome-wide association studies (GWAS), there was a great
deal of enthusiasm that susceptibility loci for these disorders
would be quickly identified. However, success has been
limited and much of the heritability of these disorders remains
unexplained. The genetic architecture of these disorders
appears to be very complex and likely involves multiple genes
from different molecular pathways acting independently and
interactively. Current approaches for analyzing GWAS data
which typically focus on testing one variant at a time may not
be sufficient for capturing the complexity of these genetic
effects [4, 5].
Recently, a polygenic scoring approach was successfully
applied to the analysis of GWAS data on schizophrenia and
bipolar disorder (BP) [6]. The number of putative risk alleles
associated with disorder in single SNP tests of a training
GWAS dataset were weighted and summed to derive a
polygenic score. The polygenic score was then found to be
significantly associated with disorder status in another test
GWAS dataset. This approach is of interest because it
simultaneously considers the effects across multiple loci and
reveals levels of association that are more compelling than
tests of single SNPs. However, it may be overly simplistic as
it merely sums these effects and may not adequately account
for the complex relationships between putative risk alleles that
may exist on the etiologic pathway to disease.
Data mining methods are available that may be better suited to
analyzing the high dimensional data generated by GWAS of
complex psychiatric disorders. Data mining is the process of
extracting the complex relationships and correlations hidden
in large data sets. It also includes computer modeling of
learning processes and the discovery of new facts through
observation and experimentation.
There are different
algorithms for carrying out data mining, and the prediction
accuracy of these algorithms may vary [7, 8]. Some of the
most common algorithms include self-organizing maps [9],
decision tree [10], support vector machines [11], Bayesian
network [12], neural networks [13], and genetic algorithms
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[14]. There are several software suites freely available for
implementing these algorithms, including Weka [15] and
GIST [16]. Recently data mining has been used in many
domains of biomedicine, including protein classification [17],
classification of cancer sub-types [18, 19], prediction of
protein secondary and tertiary structure [20], text mining[21],
and protein-protein interactions[22].
The goal of this study was to examine the application of
various data mining methods to the analysis of GWAS data,
and to evaluate their ability to predict disorder status. We
further compared the performance of these methods against
the recently reported polygenic scoring approach.

2
2.1

Materials and Methods
Datasets

For this study, we used GWAS datasets on BP from the
Bipolar Genome Studies (BiGS) Consortium [23] for the
training dataset and from the Welcome Trust Case Control
Consortium (WTCCC) [24] for the test dataset. The BiGS
dataset consisted of two GWAS samples that have been
reported on separately: the Genetic Association Information
Network (GAIN) European American [25] and the
Translational Genomics Research Institute (TGEN)
(manuscript in preparation) samples. The BP cases for both
samples were collected by the National Institute of Mental
Health Genetics Initiative Bipolar Disorder (NIMH-BP)
Consortium [26]. Eligibility and assessment procedures for
these cases have been described previously [27, 28]. Briefly,
they were assessed with the Diagnostic Interview for Genetic
Studies (DIGS) and this along with information from family
informant data and medical records was used to assign
diagnoses with best estimate procedures based on DSM-III-R
or DSM-V criteria [29]. All cases were unrelated Caucasians
and had a diagnosis of either bipolar I disorder (BPI) or
schizoaffective disorder, bipolar sub-type (SABP). The
controls for the two GWAS samples came from a separate
recruitment effort [30]. All control subjects completed a
psychiatric questionnaire and those endorsing a history of BP,
psychosis or major depression were excluded. Controls were
matched by ethnicity, age and sex to the BP cases. The BP
cases and controls in both GWAS samples were genotyped
using the Affymetrix 6.0 array. Strict quality control (QC)
measures were applied to the resulting data including
dropping subjects with missing data rate≥ 1%, and dropping
SNPs with minor allele frequency < 1%, missing data rate≥
5%, and Hardy-Weinberg Equilibrium p-value < 10-6 among
the controls. Principal component analysis with Eigenstrat
was used to identify evidence of population stratification in
the sample and to remove subjects who were outliers in terms
of ancestral background. We combined the GAIN-EA and
TGEN samples into one dataset consisting of 2,191 cases with
BP and 1,434 controls genotyped on a total of 673,715 SNPs.

The testing dataset was obtained from the Wellcome Trust
Case Control Consortium (WTCCC). Cases were ascertained
from multiple sites around the United Kingdom (UK) and
assessed using semi-structured lifetime diagnostic psychiatric
interviews (in most cases the Schedules for Clinical
Assessment in Neuropsychiatry). All cases had a diagnosis of
a bipolar related disorder by Research Diagnostic Criteria. A
common set of 3000 controls were obtained from the 1958
British Cohort study and selected from UK blood donors.
The cases and controls were all Caucasian of European
descent and were genotyped on the Affymetrix 500K
Mapping Array [31]. QC procedures were applied to the
genotyped data and included dropping subjects with missing
data rate ≥ 5%, and dropping SNPs with quality score < 90%,
minor allele frequency < 1%, missing data rate
≥ 5%, and
Hardy-Weinberg Equilibrium p-value < 10-6 among controls.
After QC, the WTCCC sample consisted of 1868 cases and
2996 controls with genotype data on 397,333 SNPs. To
ensure a common set of SNPs across the training and testing
datasets, we imputed the WTCCC dataset using phased
haplotype data from HapMap I & II release 24 [32] as the
reference panel. We used the program BEAGLE [33] to
verify the orientation of the WTCCC dataset in the positive
strand and then to generate most likely genotype probabilities
for autosomal SNPs in the cases and controls. We retained for
downstream analyses only those SNPs with a minor allele
frequency ≥ 1%, R2 > 0.3, and HWE p-value > 1x10-6 among
the controls. For computational efficiency, we selected a
random subset of 1000 bipolar I cases and 1000 controls for
the testing dataset.

2.2

Feature Selection

To render the comparisons of the different classifiers
more computationally feasible, we explored two different
approaches for selecting a subset of SNPs to build the
case/control prediction models (i.e., feature selection). The
key parameters of these different approaches are described in
Table 1. First, we used PLINK [34] to perform allelic tests of
association between each SNP and case/control status in the
training dataset, and then used the results to carry out the two
different approaches for feature selection. We used the LDbased clumping procedure in PLINK to prune the number of
SNPs to a relatively uncorrelated set of the most significantly
associated SNPs. We examined two different combinations of
p-value and r2 parameters for guiding the pruning. We refer
to these as the Whole Genome 1 (WG1) and Whole Genome
2 (WG2) sets. In the second approach, we focused only on a
set of approximately 13,000 genes that prior experimental
work [35] has suggested are expressed in the brain. We
hypothesized that genes expressed in the brain are most likely
to be relevant to a psychiatric disorder like BP. We extracted
all SNPs within these genes plus/minus 30 kb in our combined
GWAS dataset and performeds the LD-based clumping
procedure using the same two combinations of p-value and r2
parameters as above. We refer to these as the Brain
Expressed 1 (BE1) and Brain Expressed 2 (BE2) sets.
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Clumped Sets

p-value

r2

SNPs

Whole Genome 1 (WG1)

< 0.01

0.25

3,569

Whole Genome 2 (WG2)

< 0.05

0.25

14,827

Brain Expressed 1 (BE1)

< 0.01

0.25

1,252

Brain Expressed 2 (BE2)

< 0.05

0.25

5,366

Figure 1. Overall workflow design of the study

Table 1. Parameters used to define four sets of SNP

2.3

Statistical Analyses

We trained three different data mining classifiers on the
training dataset using the program WEKA and the four sets of
SNPs described in Table 1. The three data mining methods
were Bayesian networks (BN), support vector machine
(SVM), and logistic regression (LR). Each of these methods
takes a different approach for modeling the relationship
between covariates and provides a predicted probability of the
outcome. In our case, the covariates were the SNP genotypes
and the outcome was BP case versus control status. [MP: Am
I right that we did not use 10-fold cross-validation for this?]
We assessed how well the trained models predicted
case/control status in the testing dataset. We used the default
parameters in WEKA for training and testing.
We used PLINK to implement the polygenic score approach
for predicting case/control status using the four sets of SNPs
described in Table 1. We calculated polygenic scores for the
subjects in the testing dataset by taking the weighted sum of
the number of “risk” alleles at each of the SNPs in the set,
where the weight was based on the odds ratio for association
of the SNP with case/control status in the training dataset.
We then used R [36] to fit a logistic regression model with the
polygenic score as a covariate and examined how well the
model predicted case/control status in the testing dataset.
We compared the performance of the data mining and
polygenic scoring classifiers in the testing dataset using area
under the curve (AUC) analyses. In the AUC analyses, the
sensitivity of the classifier was graphed against the value “1specificity” of predicting case/control status at different
thresholds of the predicted probabilities from the model, and
the area under the resulting curve was calculated. The AUC
can be interpreted as the probability that a classifier will
correctly predict which is the case between a randomly chosen
case and control. The greater the AUC, the better is the
performance of the classifier. Figure 1 shows the overall
workflow for these analyses.

3

Results

Figure 2 shows the results of applying the four classifiers
to the testing dataset using the whole genome SNP sets. The
BN and polygenic performed slightly better than SVM and
LR, and provided the highest AUC. When a clumping
threshold of p<0.05 was used the AUC was 0.56. A reduced
set of SNPs selected using a more stringent significance
threshold of p<0.01 did not significantly affect the AUC. The
polygenic score method provided the next highest AUC for
classification. Its performance differed little when using a
clumping threshold of p<0.05 versus p<0.01.
The SVM and LR methods performed the poorest.
Neither of the models could be fitted when the larger SNP set
was used resulting from more liberal p<0.05 clumping
threshold due to computational burden.
Figure 3 shows the results of applying the four classifiers
to the test dataset using the brain expressed SNP sets. The
BN again performed slightly better than other methods
according to the AUC measure. However, all the methods did
worse with this reduced set of SNPs compared to using the
whole genome SNP sets.
Recent findings with the polygenic score approach have
suggested that it performs better as even more liberal p-value
thresholds for including SNPs in the score calculation are
used. A report on schizophrenia [30] showed that the best
AUC was achieved at p-value thresholds as high as 0.5. In
order to determine if this was true with our BP datasets, we
examined how the polygenic score approach performed in
predicting case/control status in the testing dataset using pvalue thresholds of 0.1 and 0.5 without clumping in the whole
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genome SNPs. The results are shown in Figure 4. For
comparison, the results of the polygenic score approach using
BE1, BE2, WG1, WG2 sets are shown again here. As in the
previous report on schizophrenia, the performance of the
polygenic score approach improved as more SNPs were
included in the score calculation with more liberal p-value
thresholds. A similar pattern observed with the polygenic
score was seen in BN in that with decreasing the number of
SNPs, the AUC decreases.
Figure 2. Comparisons of the area under the receiver operating
characteristic curves for prediction with the data mining and
polygenic score approaches in the testing dataset using the two
whole genome SNP sets. (NA: not applicable due to
computational burden)
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disease from such data, have been based on an approach
targeting select groups of genes. To our knowledge, the
current study is the first to examine the performance of
applying these data mining approaches in the context of
GWAS.

A BN is a probabilistic graphical model that represents a set
of random variables and their conditional independencies via
a directed acyclic graph [40]. In this graphical model, edges
represent conditional dependencies while nodes represent
random variables. Each node is associated with a probability
function that takes a set of values as an input and returns the
probability of the variable represented by the node. A node in
the BN can represent a phenotype (e.g., BP), while the other
nodes represent SNPs or covariates. To fit a BN and predict
the phenotype, a scoring function is used and the search for an
optimal network is guided by this score [41]. This searchevaluation process is terminated when it cannot find further
improvement of the score. In this way, BN can be a powerful
instrument for learning genetic models from association study
data. It may be able to detect the interdependencies (i.e.
interactive effects) between variants in ways that the
polygenic score approach fails to capture, and thus
outperform it in predicting disease status. BNs have already
been successfully applied in genetic association studies, such
as ones that examined the phenotype of stroke in sickle cell
anemia [38], and of plasma apolipoprotein E levels [42].
Figure 3. Comparisons of the area under the receiver operating
characteristic curves for prediction with the data mining and
polygenic score approaches in the testing dataset using the two
brain expressed SNP sets..

4

Conclusions

In a comparison of several approaches for analyzing
high dimensional GWAS data, we found that performance of
the data mining methods and in particular Bayesian Networks
is comparable to polygenic scorning approach
A recent report [6] has shown that a polygenic score approach
can be used to effectively capture the association effects of
multiple loci with complex psychiatric disorders.
A
subsequent paper examined in more detail the performance
characteristics of this polygenic approach [37]. Data mining
approaches which have been developed to analyze highdimensional data may provide a useful alternative for
analyzing GWAS data. A number of studies in recent years
have used machine learning and data mining methods such as
support vector machine, decision tree, and neural networks
[38, 39]. These studies which have used SNPs for the
classification of data and to predict the susceptibility to
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It is important to note that while we have used the ability
of these different methods to classify disease status based on
SNP genotypes as a means of comparing their performance,
none of them are sufficiently accurate to be used as a tool for
prediction in clinical settings. Larger GWAS samples sizes
for training the prediction models will certainly help improve
their predictive ability. Using alternative feature (SNPs)
selection methods, instead of clumping, such as embedded
Random Forests [43] or support vector machine recursive
feature elimination [44] might also be useful to select a subset
of relevant features for building robust learning models.
Figure 4. Comparisons of the area under the receiver operating
characteristic curves for the polygenic score approach under
different p-value thresholds

5
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Abstract— Even though the solutions to many graph problems are NP-hard, solving these types of problems can lead
to valuable scientific discoveries. Specifically, we address the
computationally challenging problem of discovering potentially overlapping groups of functionally related proteins. To
combat the difficulty inherent in this problem, we introduce
the use of prior knowledge into an algorithmic framework.
By applying this knowledge, we can uncover results more
pertinent to a user’s interest, as well as reduce the amount
of data to be searched.
In this paper, we introduce an algorithm for finding
dense subnetworks in biological networks of functionally
associated proteins, such as protein interaction networks
that incorporates biologists’ prior knowledge through the
use of a set of “query vertices.” We applied our algorithm to
functional relationship data from the STRING database and
uncovered several high-quality clusters of proteins related
to hydrogenases, thus demonstrating the validity of the
proposed methodology.
Keywords: Dense Subgraph Enumeration; Prior Knowledge; Hydrogenases; Clostridium acetobutylicum; Graph Algorithms

1. Introduction
Even though exploration of biological networks often
reduces to various NP-hard graph problems, the solutions
to such problems can lead to valuable scientific discoveries.
Consider the example of a biologist interested in finding
proteins associated with ATP synthase through the use of
a protein-protein interaction map derived from mass spectrometry (MS) pull-down experiments. As proteins may have
multiple functions in a cell, partitional clustering algorithms,
which assign each element to a single group, would not be
appropriate. The complexity of finding related and possibly
overlapping groups of proteins in an interaction network is
This research has been supported by the “Ultrascale Computational
Modeling of Phenotype-Specific Metabolic Processes in Microbial Communities” project from U.S. Department of Energy, Office of Science.
AMR was partially supported by the Research Alliance in Math and
Science program, which is sponsored by the Office of Advanced Scientific
Computing Research, U.S. Department of Energy. Oak Ridge National
Laboratory is managed by UT-Battelle for the LLC U.S. D.O.E. under
contract no. DEAC05-00OR22725.

compounded by the uncertainty and noise inherent in MS
pull-down data. Looking at the eventually predicted ATP
synthase complex in Figure 1, we can see that a significant
portion of the interactions in the predicted ATP synthase
complex, which appear in blue, fail to be captured by the MS
data, whereas the interactions in red on the right represent
interactions predicted by the MS data that do not occur. To
minimize such inaccuracies, the scientist would likely need
to introduce additional information, such as genetic context
or evolutionary events; however, factoring in these additional
information sources would take time and computing resources, increasing the complexity of the problem. Moreover,
standard algorithms would attempt to find groups of related
proteins throughout the network, retrieving a huge number
of results irrelevant to the biologist’s question. We hope to
reduce the problems of high algorithmic complexity and the
number of irrelevant results by integrating the biologist’s
prior knowledge into the search in the form of a “query
set” of vertices the biologist is interested in analyzing.
The type of question posed in the preceding example
is an important one in the context of bioinformatics and
can be generalized to the abstract problem of finding dense
subgraphs in a network that are “enriched” with respect to
some target set of vertices. A solution to this problem would
be able to answer “fuzzy queries” on graph data, identifying
dense, possibly overlapping subgraphs in which the “query
set” of vertices is overrepresented. By finding these dense,
enriched “fuzzy clusters,” or enriched quasi-cliques, we hope
to achieve superior precision and coverage over conventional
“hard” clustering techniques, which heuristically partition
graphs into non-overlapping subgraphs. Further, by limiting
the focus to discovering those quasi-cliques in which the
query labels are overrepresented, the search space for identifying these quasi-cliques may be limited, which has the
potential to improve execution time significantly over full
quasi-clique enumeration.
The discovery of dense non-clique subgraphs has recently
been explored by a number of other researchers [1], [2],
[3], [4], [5], [6], and a number of different formulations for
what it means for a subgraph to be “dense” have emerged.
In this work, we define a dense subgraph as one in which
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Fig. 1: Predicted ATP synthase complex in Rhodopseudomonas palustris

each vertex is adjacent to some γ percentage of the other
vertices in a subgraph. We call such a subgraph a “γ-dense
quasi-clique.”
The advantage of this definition is twofold. First, it
corresponds nicely with the typical use of the term “density”
in that it forces a certain fraction of the possible edges in the
subgraph to exist. The second advantage is that by framing
the definition as a condition that each vertex must satisfy, we
force the resulting subgraphs to be “uniformly” dense. As
an illustration, a graph consisting of an isolated vertex and
a subgraph in which every pair of vertices is connected may
contain a high overall percentage of the possible edges, but
it is unlikely that anyone would consider the isolated vertex
to be related to the others in any significant sense.
In a similar fashion, we say subgraph is “enriched” if
at least some µ percentage of the vertices are contained in
our query set. In the interest of brevity, µ-enriched γ-quasicliques will hereafter be refered to as (µ, γ)-quasi-cliques,
and the query set of vertices will be denoted as Q. We
describe an algorithm for enumerating the maximal (µ, γ)quasi-cliques of a graph and the theory underlying its design
in Section 2, and in Section 3, we apply an implementation
of our algorithm to investigate protein-protein interactions
amongst the [NiFe]-hydrogenase and [FeFe]-hydrogenase
enzymes present in Clostridium acetobutylicum ATCC 824.
We present our results in Section 4.

to Q if and only if at least µ|S| vertices of S are contained
in Q.
As several previous dense subgraph enumeration algorithms have successfully employed an agglomerative
(bottom-up) approach, we focus our efforts on developing an
algorithm that builds the (µ, γ)-quasi-cliques one vertex at
a time, starting with a single query vertex v0 , backtracking
as it finds maximal (µ, γ)-quasi-cliques or subgraphs that
cannot be contained in a (µ, γ)-quasi-clique. We adopt
the convention that S will represent the current subgraph
under consideration, and C represents the set of vertices
that could extend S to produce a (µ, γ)-quasi-clique (the
set of “candidate” vertices). With these sets defined, we
provide a pseudocode outline for our enumeration algorithm
in Algorithms 1 and 2. In the theoretical results that follow,
we will establish the meaning of the values N 2 (v), e, dv , gv ,
and mv , and we will describe how these values help bound
our search for the (µ, γ)-quasi-cliques of the graph.

2. Algorithm

5

Though we gave definitions for dense and enriched subgraphs earlier, we provide formal definitions for what it
means for a subgraph to be µ-enriched and a γ-dense quasiclique.
Definition 1: Given a labeled graph G and a real value
γ ∈ [0.5, 1], a subgraph S of G is a γ-dense quasi-clique if
and only if every vertex of S is adjacent to at least γ(|S|−1)
of the other vertices of S. If γ(|S| − 1) is not a natural
number, every vertex would need to be adjacent to dγ(|S| −
1)e of the other vertices of S.
Definition 2: Given a labeled graph G, a “query” set of
vertices Q, a real value γ ∈ [0.5, 1], and a real value µ ∈
[0, 1], a γ-dense quasi-clique S is µ-enriched with respect

Algorithm 1: Pseudocode outline of the (µ, γ)-quasiclique algorithm, continued in Algorithm 2.
1
2
3
4

6
7
8
9
10
11

foreach v0 ∈ Q do
S ← {v0 }
C ← N 2 (v0 )
Calculate e
Calculate dv for all v ∈ S ∪ C
Calculate gv for all v ∈ S ∪ C
Calculate mv for all v ∈ S ∪ C
Remove all unpromising vertices of C
if S ∪ C is maximal then
Call Enumerate()
end

Here, we present a number of theoretical results that
will allow us to eliminate candidate vertices and hence
prune the search space. Theorem 1 provides a basis for the
candidate set C, and the remaining theorems will enable
us to eliminate candidates from consideration. The intuition
behind Theorems 2–4 is that if we are unable to satisfy the
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Algorithm 2: Pseudocode for Enumerate function
1
2
3
4
5
6
7
8
9
10

11
12
13
14
15
16

17
18
19
20
21
22
23

24
25
26

27
28
29
30
31
32
33

34
35
36
37

38
39
40
41
42
43

Enumerate():
T ←C
while some vertices of C are marked do
Remove all marked vertices from C
if S violates one of the theoretical constraints then
Restore all vertices of T \ C to C
Update e, dv , gv and mv values appropriately
return;
end
Update e and all dv , gv , and mv values as
appropriate
if S ∪ C is nonmaximal then
Backtrack until some vertex of C is restored
end
while C 6= ∅ do
Choose some v in C, and move v from C to S
Update e and all dv , gv , and mv values as
appropriate
if gv < 0 or mv < 0 for some v ∈ S then
Restore vertices of T \ C to C
Update e, dv , gv , and mv values appropriately
return
end
Mark all vertices of C to be removed
if S does not violate any of the theoretical
constraints then
Call Enumerate()
Remove v from S
Update e and all dv , gv , and mv values as
appropriate
if S violates one of the theoretical constraints then
Restore vertices of T \ C to C
Update e and all dv , gv , and mv values
return
end
Iteratively remove unpromising vertices of C
Update e and all dv , gv , and mv values as
appropriate
if S ∪ C is nonmaximal then
Backtrack until some vertex of C is restored
end
if no call of Enumerate() found a (µ, γ)-quasi-clique
then
Output S
Update the maximality index for each vertex in S
end
Restore vertices of T \ C to C
Update e, dv , gv , and mv values appropriately
return
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density or enrichment requirements after adding all of the
candidate vertices that are query vertices or adjacent to a
vertex of our (µ, γ)-quasi-clique, then we know that there
is no way to form a (µ, γ)-quasi-clique from the current
subgraph, and we needn’t explore this branch of the search
space. Theorems 5–8, meanwhile deal with placing limits
on the number of non-adjacent query candidate vertices
or non-query adjacent candidates vertices we may add to
our subgraph based on a combination of the density and
enrichment requirements.
Theorem 1: Let S be a subgraph of G. For γ ≥ 0.5, any
γ-dense quasi-clique that is a supergraph of S will consist
of vertices at most distance 2 from every vertex of S. We
denote this set as N2 (S).
Proof: Let D be a γ-dense quasi-clique with γ ≥ 0.5,
and suppose there are two vertices u and v vertices in D that
are distance 3 apart. As u and v are at distance 3, they must
have no neighbors in common. As γ ≥ 0.5, u and v must
each be adjacent to at least (0.5)(|D| − 1) vertices, which
must not include u, v, or any neighbors of the other vertex.
Thus, between u, v, and their neighborhoods, there are at
least 1 + 1 + 2(0.5)(|D| − 1) = |D| + 1 vertices in D. This
is clearly impossible, so there must not be any vertices in D
that are distance 3 apart. Thus, the diameter of any γ-dense
quasi-clique with γ ≥ 0.5 can be at most 2.
Theorem 2: Let S be a subgraph of G, and let C be the
set of all possible vertices that may be contained in some
supergraph of S that is a γ-dense quasi-clique. Let v be any
vertex of S, and let sa and ca be the number of vertices of
S and C, respectively, that are adjacent to v. If sa + ca <
γ(|S| − 1 + ca ), no supergraph of S can be a γ-dense quasiclique.
Proof: Suppose the negation: sa + ca < γ(|S| − 1 + ca )
and there exists a supergraph H of S that is a γ-dense quasiclique.
Let ha be the number of vertices of H \ S adjacent to v.
By the definition of the set C, ha ≤ ca . Subtracting γ(ca −
ha ) from both sides of the previous inequality, we see that
sa + ca − γ(ca − ha ) < γ(|S| − 1 + ha ). As 0 < γ ≤ 1 and
ca − ha ≥ 0, ca − ha ≥ γ(ca − ha ), so
sa + ha = sa + ca − (ca − ha )
≤ sa + ca − γ(ca − ha )
< γ(|S| − 1 + ha )
Since H must have at least |S| + ha vertices, γ(|S| − 1 +
ha ) ≤ γ(|H|−1), so sa +ha < γ(|H|−1). However, H has
only sa + ha vertices adjacent to v, implying that H is not a
γ-dense quasi-clique. This is a contradiction; therefore, the
claim must be true.
Theorem 3: Let S be a subgraph of G, and let v be a
vertex in C. Let sa be the number of vertices of S adjacent
to v, and let ca be the number of vertices of C adjacent to v.
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If sa + ca ≤ γ(|S| + ca ), neither S ∪ {v} nor any supergraph
of it can be a γ-dense quasi-clique.
Proof: The proof is similar to Theorem 2.
Theorem 4: Let cq be the number of vertices in C ∩ Q.
If there are fewer than µ|S| − (1 − µ)cq vertices in S ∩ Q,
then neither S nor any supergraph will be µ-enriched.
Proof: Suppose not, and let H be a supergraph of S that
is a µ-enriched. Let hq be the number of vertices of H\S that
are in Q. Since C contains cq vertices in Q, hq ≤ cq . As S
contains less than µ|S|−(1−µ)cq vertices in Q, H contains
less than µ|S| − (1 − µ)cq + hq ≤ µ|S| − (1 − µ)hq + hq =
µ(|S| + hq ) vertices in Q. However, as |H| ≥ |S| + hq ,
this implies that H contains less than µ|H| vertices in Q,
contradicting our assumption that H is µ-enriched.
Lemma 1: Let H be a (µ, γ)-quasi-clique, let S be a
subgraph of H, and let v be a vertex of S. Let sa be the
number of vertices of S adjacent to v, sq be the number of
vertices in S that are not in Q, caq be the number of vertices
in H \ S that are in Q and adjacent to v, and caq be the
number of vertices in H \ S that are adjacent to v but not
in Q.
(1 − µ)(sa + caq + caq + γ) − γ(sq + caq ) ≥ 0
Proof: H must contain at least µ|H| vertices in Q, so
it contains at most |H| − µ|H| = (1 − µ)|H| vertices not in
Q. By our definitions, sq and caq both represent vertices in
H that are not in Q, so this fact implies that
sq + caq ≤ (1 − µ)|H|.

(1)

Similarly, H must contain at least γ(|H| − 1) vertices
adjacent to v, so
γ(|H| − 1) ≤ sa + caq + caq , or
γ|H| ≤ sa + caq + caq + γ.

(2)
(3)

Multiplying equation 1 by γ and equation 3 by 1 − µ (both
of which must be positive), we see that
γ(sq + caq ) ≤ γ(1 − µ)|H| and
γ(1 − µ)|H| ≤ (1 − µ)(sa + caq + caq + γ).

(4)
(5)

Thus, γ(sq + caq ) ≤ (1 − µ)(sa + caq + caq + γ), proving
the claim.
Theorem 5: Let v be a vertex in S. Let sa be the number
of vertices of S adjacent to v, sq be the number of vertices
in S that are not in Q, caq be the number of vertices in C
that are in Q and adjacent to v, and caq be the number of
vertices in C that are adjacent to v but not in Q.
If γ < 1−µ and (1−µ)(sa +caq +caq +γ)−γ(sq +caq ) <
0, then neither S nor any supergraph of S will be a (µ, γ)quasi-clique.
Proof: Consider an arbitrary (µ, γ)-quasi-clique H
such that S is a subgraph of H. If we let haq and haq
represent the number of vertices in H \ S that are adjacent
to v and are in Q and not in Q, respectively, then haq and
haq must satisfy the inequality (1−µ)(sa +haq +haq +γ)−

γ(sq + haq ) ≥ 0 by Lemma 1. As H must be a subgraph
of S ∪ C, haq and haq must satisfy 0 ≤ haq ≤ caq and
0 ≤ haq ≤ caq . As γ < 1 − µ, (1 − µ)(sa + haq + haq + γ) −
γ(sq + haq ) is maximized at haq = caq and haq = caq , so if
(1 − µ)(sa + caq + caq + γ) − γ(sq + caq ) < 0, no subgraph
of S ∪ C containing v may be a (µ, γ)-quasi-clique.
Theorem 6: Let v be a vertex in S, and let sa , sq , and
caq be as in Theorem 5.
If γ ≥ 1 − µ and (1 − µ)(sa + caq + γ) − γsq < 0, then
neither S nor any supergraph of S will be a (µ, γ)-quasiclique.
Proof: The proof for Theorem 6 is similar to the proof
for Theorem 5, with the exception that (1 − µ)(sa + haq +
haq + γ) − γ(sq + haq ) is maximized at haq = caq and
haq = 0.
Lemma 2: Let H be a (µ, γ)-quasi-clique, let S be a
subgraph of H, and let v be a vertex of S. Let sq be the
number of vertices of S in Q, sa be the number of vertices
in S \ {v} not adjacent to v, caq be the number of vertices
in H \ S that are adjacent to v and in Q, and caq be the
number of vertices in H \ S that are in Q but not adjacent
to v.
(1 − γ)(sq + caq + caq ) − µ(sa + caq + 1 − γ) ≥ 0
Proof: This lemma follows from the inequalities (1 −
γ)(|H| − 1) ≤ sa + caq and µ|H| ≤ sq + caq + caq , similar
to Lemma 1.
Theorem 7: If γ < 1 − µ and (1 − γ)(sq + caq + caq ) −
µ(sa + caq + 1 − γ) < 0, then neither S nor any supergraph
of S will be a (µ, γ)-quasi-clique.
Theorem 8: If γ ≥ 1 − µ and (1 − γ)(sq + caq ) − µ(sa +
1 − γ) < 0, then neither S nor any supergraph of S will be
a (µ, γ)-quasi-clique.
Proof: Similar to Theorems 5 and 6, Theorems 7 and
8 follow from maximizing the expression (1 − γ)(sq + haq +
haq ) − µ(sa + caq + 1 − γ) at haq = caq and haq = caq or
0, respectively. (Note that µ < 1 − γ iff γ < 1 − µ.)
From Theorem 1, we can see that the vertices at most
distance 2 from every vertex of S can serve as an appropriate
starting point for our set C. However, rather than recalculate
this intersection of sets every time a vertex is added to the set
S, we first define C as the set of all vertices within distance
2 of the inital vertex, N 2 (v0 ), (in line 3 of Algorithm 1) and
intersect C with N 2 (v) for each vertex v we add to S as
part of line 15 of Algorithm 2. As these N 2 (v0 ) sets can be
precomputed and stored in a matrix, this technique should
make for a much more efficient way to apply Theorem 1.
By Theorem 3, we know that for any vertex v ∈ C, if
sa represents the number of vertices of S adjacent to v, ca
represents the number of vertices of C adjacent to v, and
sa +ca ≤ γ(|S|+ca ), then neither S∪{v} nor any supergraph
can be a (µ, γ)-quasi-clique. Rather than recomputing this
inequality every time we add or remove a vertex from S, we
calculate and maintain the value of sa + ca − γ(|S| + ca ) as
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dv (lines 5 of Algorithm 1 and lines 7, 10, 16, 19, 26, 29, 33,
and 42 of Algorithm 2), reducing the value when we remove
an adjacent vertex from the candidate set or when we add
a nonadjacent candidate to the current subgraph. When this
dv value becomes zero or negative, v may be removed from
C.
We also maintain a dv value for each v ∈ S, as we know
from Theorem 2 that sa + ca ≤ γ(|S| − 1 + ca ), where sa
and ca are defined as before. When the value of du becomes
negative for a vertex u ∈ C, we can remove u from C by
the result of Theorem 3 (lines 8 and 22 of Algorithms 1 and
2, respectively). Additionally, when dv decreases below γ
for a vertex v ∈ S, we can remove all vertices of C that are
nonadjacent to v, as adding such vertices to S would violate
Theorem 2.
In a similar fashion, we calculate the initial values for e
and each gv and mv value and update these values as the
algorithm progresses. We can then remove vertices from C
whose addition to C would violate Theorems 4, 5, 6, 7, or
8.
In order to decide when a (µ, γ)-quasi-clique is maximal,
we propose a maintaining a bitmap index of the (µ, γ)-quasicliques that contain each vertex. As the algorithm identifies
(µ, γ)-quasi-cliques, it assigns numbers to them sequentially
and adds these values to the indices for the vertices contained
in the (µ, γ)-quasi-cliques. Then, as we add and remove
vertices from set C, we check to see if there is an alreadydiscovered (µ, γ)-quasi-clique that contains all vertices of
S ∪C by performing a bitwise and of the associated indices.
If there is an already-discovered (µ, γ)-quasi-clique that is
a superset of S ∪ C, we may safely backtrack, as no further
extensions of S will be maximal.

3. Application
Applying clustering algorithms to protein interaction networks allows us to find groups of proteins that interact
with one another and likely have related functions. We
can utilize data on protein-protein interactions to evaluate
specific protein complexes, such as those associated with
hydrogenase, potentially identifying proteins essential for
either the expression or regulation of key enzymes. Understanding these interactions is particularly important when
engineering metabolic networks in microorganisms, and by
to allowing us to incorporate knowledge about the proteins
we are interested in, our algorithm can identify clusters that
relate to exactly the protein complex(es) we are interested
in investigating.
In hydrogen-producing organisms, the presence and expression of [NiFe]-hydrogenase and [FeFe]-hydrogenase enzymes play important roles in either hydrogen production
or uptake by catalyzing the reaction 2H+ + 2e− ↔ H2
[7], [8]. Investigations of biosynthesis and localization of
hydrogenases has revealed that protein functions vary from
organism to organism and that the locality of the enzyme(s)

within the cell is dependent on the type of hydrogenase
present [7]. In addition, a number of essential proteins
are required to synthesize the active sites of hydrogenase
enzymes, such as [FeFe]-hydrogenase [7], [8], [9]. Although
many biochemical and molecular studies are underway to
characterize proteins and putative genes associated with
hydrogenases, a full understanding of interactions between
conserved proteins and their regulation is lacking.
Due to the importance of hydrogenase in evolution and
consumption of hydrogen, there is an emphasis on applying
metabolic engineering technologies to regulate expression
of hydrogenases associated with H2 production [10], [11].
In order to understand relationships between hydrogenase
enzymes and the proteins required for synthesis of hydrogenases, we applied the algorithm described in Section 2 to
investigate protein interactions for three hydrogenase entities
present in the hydrogen-producing bacterium Clostridium
acetobutylicum.
The functional relationship network was drawn from the
STRING database [12], only treating interactions having
scores above 0.750 as valid. We analyzed the resulting graph
for dense subgraphs enriched with respect to the known
hydrogenases HydA1 (CAC0028), HydA2 (CAC3230), and
HydS,L (CAP0141 and CAP0142). We used parameters
γ = 0.75 and µ = 0.001, which correspond to searching for
dense but not necessarily complete subgraphs that contain at
least one of our known hydrogenase proteins.

4. Results
Our algorithm identified five different clusters, representing functionally associated groups of proteins with the
query proteins—HydA1, HydA2, and HupS/L (Figure 2).
In each cluster, the algorithm was able to identify at least
one protein-protein functional association, with the highest
number of associations occurring in clusters linked with the
HydA1 and HupS/L hydrogenase enzymes. Lack of protein
interactions by HydA2 (Figure 2c) may be attributed to
low activity levels often associated with HydA2 compared
to the other two hydrogenase enzymes [13]. Due to low
protein-protein functional associations between HydA2 and
accessory proteins, we will focus our analysis on proteins we identified as being associated with HydA1 (FeFeHydrogenase) and HupS/L (NiFe-hydrogenase).

4.1 [FeFe]-hydrogenase and associated proteins
The protein clusters we generated in Figs. 2a–b indicate
that HydA1 functionally relates to at least five different
proteins, including conserved accessory proteins CAC1356
(HydG), CAC 1631 (HydE), and CAC1651 (HydF), as
well as glutamate synthase protein β-chain and small subunit CAC0764 and CAC1674. Strong interactions between
the proteins HydA1, HydE, HydF, and HydG (Fig.2a) are
consistent with previous findings by King et al. [9] and
Posewitz et al. [14], which demonstrate the necessity for coexpression of HydA (or HydA1) with maturation proteins
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(a)

(b)

(c)

(d)

(e)

Fig. 2: The five clusters identified by our algorithm
Table 1: Identified proteins
Protein ID
CAC0028
CAC3230
CAP0141
CAP0142
CAC0487
CAC1631
CAC1356
CAC1651
CAC1674
CAC0764
CAP0143
CAP0144
CAP0145
CAP0146
CAC0808
CAC0809
CAC0810
CAC0811

Protein name
HydA1
HydA2
HupS
HupL
–
–
–
–
GltB
–
HupD
HypQ3
HypQ4
–
HybG
HypE
–
–

Function
Hydrogenase I (Hydrogene dehydrogenase)
Hydrogenase subunit (Ferredoxin)
Periplasmic hydrogenase small subunit, dehydrogenase
Periplasmic hydrogenase large subunit, dehydrogenase
Uncharacterized protein, ortholog of Thermotoga maritima (4981823)
Biotin synthase family enzyme
Thiamine biosynthesis enzyme
Predicted GTPase with uncharacterized domain, ortholog of T.maritima (4980952)
Small subunit of NADPH-dependent glutamate synthase
NADPH-dependent glutamate synthase beta chain
Hydrogenase maturation protease delta subunit, HyaD-like
Possible steroid binding protein
Putative uncharacterized protein
HypF homolog
Hydrogenase expression factor
Hydrogenase formation factor
Hydrogenase maturation factor
Hydrogenase expression-formation factor

HydE, HydF, and HydG in order to synthesize the active
site in C. acetobutylicum. Together, the three maturation
proteins are functionally important for expression the [FeFe]hydrogenase and deletion of one of the proteins may lead to
inactivation of HydA1 [11].
In addition to these known interactions, the algorithm was
able to identify functional associations between the query
protein HydA1 and proteins not well defined in C. acetobutylicum. In Cluster A (Fig. 2a), a second set of interaction
proteins occurs between the maturation proteins and protein
CAC0487. According to STRING database, CAC0487 is an
uncharacterized protein. Due to high interconnectedness with
the maturation proteins, CAC0487 appears to be essential for

development or co-occurrence of HydE, HydF, and HydG.
The exact role of this accessory protein is unclear from the
clustering diagrams, but it does not appear that the protein
directly interacts with the [FeFe]-hydrogenase (HydA1). To
fully understand the functional role of CAC0487, extensive
characterization studies are necessary.
The interaction between HydA1, CAC0764 (glutamate
synthase β-chain), and CAC1674 (glutamate synthase subunit) is another relationship not clearly defined by previous studies (Fig. 2b). Glutamate synthase genes are often
associated with uptake and assimilation of ammonia. Although it seems unlikely that there should be an interaction
between ammonia uptake proteins and hydrogenase, small
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unit glutamate synthase genes in C. acetobutylicum have
been located near the gene hydA, which encodes [FeFe]hydrogenase [15]. The glutamate synthase gene gltX was
previously identified by Stutz and Reid [15] in a hydrogen
cluster associated with hydrogenase. The exact role of gltX
is still unclear; however, it is thought that the gene is
functionally important for the production of solvents such
as butanol and ethanol by C. acetobutylicum [15]. The
presence of CAC0764 and CAC1674 in Cluster B and their
interaction with HydA1 (Fig. 2b) has not been previously
described in C. acetobutylicum to our knowledge, but we
may hypothesize that these two glutamate synthase proteins
are located close to hydA within the hydrogen cluster based
on the evidence provided by Stutz and Reid.

4.2 [NiFe]-hydrogenase and associated proteins
The last two identified clusters (Figs. 2d–e) contain
the [NiFe]-hydrogenase enzyme (HupS/L). In Cluster D
(Fig. 2d), HupS and HupL are shown as fully interacting
with CAP0143 (HupD), CAP0144 (possible steroid binding
protein), CAP0145 (putative uncharacterized protein), and
CAP0146 (HypF). According to [7], [NiFe]-hydrogenases,
which are called hup genes and include hupS or hupD,
generally play a role in maturation of hydrogenase enzymes
and H-centers. In this study, HupD interacts directly with
the large subunit HupL and two other unknown proteins.
Also, in Azotobacter chroococcum, analysis of amino acid
sequences in hydrogenase show that HupD is present in close
proximity to HupL [16].
Cluster E (Fig. 2e) shows HupS and HupL functionally
relates with accessory proteins CAC0811 (HypD), CAC0809
(HypE), CAC0810 (HypF), and CAC0808 (HybG). In general, hyp genes are often responsible for insertion of nickel
and iron in [NiFe]-hydrogenase clusters [7] and are thus
essential components in the biosynthesis of hydrogenase.
Butland et al. [17] demonstrate that HybG is another accessory protein essential for synthesis of hydrogenase 2. In
Fig. 2e, HybG interacts with both HypD and HypE, which is
consistent with pull-down data for Escheridchia coli, where
HybG is shown to form a complex with both HypD and
HypE [17].

5. Conclusion
In summary, we have introduced theoretical results that
provide a foundation for an algorithm to enumerate dense
and enriched subgraphs. By applying an implementation
of our algorithm to a functional association network, we
were able to identify five clusters of proteins containing
[FeFe]- and [NiFe]-hydrogenase proteins. The interactions
represented by these clusters are supported in the literature, and represent proteins that are likely to be involved
in the maturation and activation of [FeFe]- and [NiFe]hydrogenase. This knowledge represents a step towards
understanding the protein complexes essential for expression

of H2 -producing hydrogenase and repression of H2 -uptake
hydrogenase, which may eventually provide framework for
the metabolic engineering of hydrogen-producing organisms
such as C. acetobutylicum.
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A New Bioinformatics Tool for Prediction with Confidence
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Abstract— Complementing each prediction with the measure of its reliability is crucial for domains with high misclassification costs. Conformal predictors represent a new
flexible bioinformatics tool that can output predictions with
a single value of confidence assigned to each prediction.
Conformal predictors can also guarantee the error rate of
region predictions by setting the confidence level.
In this work, we applied different types of conformal predictors to high dimensional veterinary and medical microarray data. Implemented predictors resulted in the accuracy as
high as provided by conventional machine learning methods,
but in addition, they complemented each prediction with the
measure of confidence. Validity of these predictions was also
empirically confirmed: the ratio of mistakes made by region
predictors was close to the preset level.
Keywords: Conformal predictor, confidence machine, confidence,
microarray.

1. Introduction
Most machine learning classifiers predict a label without
indicating how reliable the prediction is, and this can be
crucial for such important fields with high misclassification
costs as medical and veterinary diagnosis. For this reason,
we are aiming to complement each individual prediction with
a measure of its reliability — confidence.
This problem can be solved by applying conformal predictors introduced in [1] — a new tool that produces predictions with confidence. The confidence we assign should
not be confused with confidence in statistical conclusions: in
statistics we produce confidence intervals instead of a single
value that estimate a parameter, and this interval is the same
for the whole statistical model, that is, for all predictions.
The output of conformal predictors can also be represented as a region predictor, that is, a classifier that produces
a set of labels as a prediction. The advantage of conformal
predictors is that such region predictors are always valid,
that is, the error rate of predictors corresponds (up to
statistical fluctuations) to the significance level that was set
beforehand. The property of validity is proven under a simple
statistical i.i.d. assumption: the examples (combinations of
an object and a label) are taken independently from the same
distribution.
Most of predicted sets of labels output by conformal
predictors are usually singletons. However, when there is

not sufficient information provided for predicting one label
without loss in validity, conformal predictors may output
multiple (or empty) predictions, that is, predictions that comprise more than one label (or contain no labels). Experiments
in [1] demonstrate that multiple predictions cease to occur
when the number of considered samples exceeds a certain
level. This way conformal predictors help determine the
number of samples required to train the algorithm so that
it produces predictions of high reliability.
Conformal predictors allow us to process highdimensional data. Thus, they are able to analyze gene
expression profiles obtained using microarray technique.
For this reason, we applied different conformal predictors to
high-dimensional veterinary and medical microarray data.
The first aim of our experiments was to verify that
conformal predictors empirically prove to have the property
of validity on microarray data and to understand how many
samples are needed to provide reliable predictions.
Secondly, even though conformal predictors output region
predictions, we can force conformal predictors to produce
one prediction at a time. We observed accuracy of conformal
predictors in this experimental setup and compared with
conventional machine learning methods that always produce
singletons as predictions.
The rest of the paper is structured as follows. In Section 2
we provide the outline of conformal prediction framework.
Section 3 introduces the data. Section 4 contains the description of experiments and discussion of their results. Finally,
conclusions are made in Section 5.

2. Outline of Conformal Prediction
Let us assume that we are given a training set of examples
(x1 , y1 ), . . . , (xn−1 , yn−1 ) where xi is a vector of attributes
and yi is a label out of a finite set of possible labels (classes),
and our goal is to predict the classification yn for remaining
example xn .
The general idea of conformal predictors is to try every
possible label y as a candidate for xn ’s label and see how
random the resulting example (xn , y) is in comparison to
(x1 , y1 ), . . . , (xn−1 , yn−1 ). The ideal case is when all y’s
except for one lead to sequences that are not random — we
can then be confident in this prediction.
A nonconformity measure is a set of measurable mappings
{An : n ∈ N } of the type

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

An : Z

(n−1)

× Z → (−∞, +∞]

(1)

where Z (n−1) is the set of all bags (multisets) of elements
of Z of size n − 1. This nonconformity measure will assign
some value αi (nonconformity scores) to every example in
the sequence {zi := (xi , yi ), i = 1, . . . , n} including a new
example and will evaluate ‘nonconformity’ between a set
and its element:
αi := An (Hz1 , . . . , zi−1 , zi+1 , . . . , zn I, zi ),

(2)

i = 1, . . . , n, where H. . .I denotes a multiset. A nonconformity measure can be based on many well-known machine
learning algorithms.
When considering a hypothesis yn = y and after finding
the corresponding nonconformity scores α1 , . . . , αn for a
full sequence with label y for the last example, a natural
way to compare αn to the other αi s is to look at the ratio of
examples who are as least as strange as the new example,
that is, to calculate
|{i = 1, . . . , n : αi ≥ αn }|
.
(3)
n
This ratio is called the p-value associated with the possible
label y for xn . Thus, we can compliment each label with a
p-value that shows how random the example with this label
is in comparison with all previous examples, that is, how
well a new example with this label conforms with the rest
of the sequence.
The conformal predictor determined by the nonconformity
measure An , n ∈ N and a significance level  is then defined
as a measurable function Γ : Z ∗ × X × (0, 1) → 2Y (2Y
is a set of all subsets of Y ) such that the prediction set
Γ() (x1 , y1 , . . . , xn−1 , yn−1 , xn ) is defined as the set of all
labels y ∈ Y such that pn > . Thus, for any finite sequence
of examples with labels, (x1 , y1 , . . . , xn−1 , yn−1 ), a new
object without a label xn and a significance level , the
conformal predictor outputs a region prediction Γ() — a
set of possible labels for a new object.
Conformal predictors defined above are valid: for any
exchangeable probability distribution P on Z ∞ (Z ∞ is the
set of all infinite sequences of elements of Z) and any
significance level ,
Pn
errn (Γ)
lim sup i=1
≤
(4)
n
n→∞
pn =

with probability one, where errn (Γ) is equal to 1 when the
prediction set Γ does not contain a real label yn , and 0
otherwise. To put it simply, in the long run the frequency of
errors made by a conformal predictor (that is, cases when
prediction set Γ does not contain a real label) does not
exceed . The only assumption used is the i.i.d. assumption:
all the examples have been generated independently by some
probability distribution.

The property of validity is proven only for the on-line
mode, that is, when we observe each example one by one
and make each prediction taking into account the information
only regarding the examples considered before, rather than
predicting on the basis of a certain rule extracted from a
fixed set of examples. The latter mode is called the off-line
mode. Nevertheless, validity is empirically proven to remain
in the off-line mode [1].
For each object one can calculate confidence and credibility. Credibility is a maximum value of all possible p-values.
Confidence equals 1− the second maximum p-value. High
confidence means that the alternative hypothesis is excluded
by having a low p-value, high credibility checks whether the
prediction itself does not have too small a p-value.

3. Data
Two high-dimensional microarray data sets were used:
veterinary data of Salmonella subtypes and medical data of
human cancers.
Salmonella data are provided by the Veterinary Laboratories Agency of the DEFRA. These are strains collected from
epidemiological surveys from food animals that are likely
to be a source of Salmonella contamination for humans.
Each strain is represented by at least two replicates. There
are 56 strains (120 replicates) in total. Each replicate has
3858 features — real numbers between 0 and 1. Only genes
without missing information are used.
We consider the following Salmonella subtypes as classes:
Enteritidis — 24 strains (51 replicates), Newport — 14
strains (33 replicates), Typhimurium — 18 strains (36 replicates). Features were normalized, averaged across replicates,
and rounded to 0 and 1.
Human cancers data set was provided in the ICMLA
2009 Challenge [2]. These samples were profiled on the
Affymetrix Human Genome GeneChip HG_U133 Plus 2.0,
which contains 54,000 probes covering 20,000 annotated
genes. All the samples were profiled by the International
Genomics Consortium (IGC) for the Expression Project for
Oncology (expO) and were deposited in the NCI GEO
Omnibus under the series of GSE2109.
We analyzed the training set of 400 samples, comprising
70 lung cancers, 130 colon cancers, and 200 breast cancers.
The aim was to predict the type of cancer. 447 features were
preselected out of initial 54613 to reduce the processing
time.

4. Experiments
4.1 Implemented Conformal Predictions
The conformal prediction framework is flexible, because
we can use most of known machine learning algorithms as an
underlying algorithm for designing a nonconformity measure
(which is a core element in a conformal predictor).
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We used several types of non-conformity measures in
microarray data analysis:
• measures based on kNN algorithm [3]; we will denote
them CP-kNN, where k is the number of nearest
neighbors;
• based on SVM with different kernels [4], [5]; denoted
as CP-SVM (kernel, parameter);
• based on random forests [6]; referred to as CP-RF;
• based on kNN applied to random forest proximities
[7]; denoted as CP-RF-kNN, where k is the number
of nearest neighbors).
The experiments were carried out in two settings: offline in leave-one-out (LOO) procedure, to show the usage
of conformal predictors as conventional classifiers, and online, to demonstrate the advantages of region predictions and
to identify the sufficient number of examples to provide valid
predictions on this data set.

4.2 Results
First, we will demonstrate how conformal predictors work.
Recall that conformal predictors provide a p-value for
each object and each hypothetical label. The p-values calculated for the Salmonella data in the on-line mode are shown
in Table 1. After assigning a p-value for each possible label,
we can predict the label with the highest p-value. We will
call a prediction extracted from a conformal predictor this
way forced point prediction, because originally conformal
predictors are applied to produce region predictions. If
several labels have the highest p-value, we call this situation
a tie.
For each prediction we can then calculate confidence and
credibility as described in Section 2. Confidence shows how
confident we are in rejecting the other label, and credibility
demonstrates how well the chosen label conforms with the
rest of the set. If confidence is close to 1 and credibility is
not close to 0, the prediction can be considered as reliable.
Table 1 represents p-values, confidence and credibility for
CP-RF applied to the first 25 examples of the Salmonella
data in the online mode: the first column shows the number
of examples we consider, the others contain p-values for
three classes, confidence, credibility, predicted label (or a
tie) and a true label.
We will first consider individual examples separately.
Example 21 has three p-values one of which is high (95.2%),
the others are low (4.8%). This results in high confidence
and high credibility of 95.2% and identifies the prediction
as reliable: only one label conforms well with the rest of
the set. If this example were classified as class 1 or 2, this
would mean that an event of probability ≤ 4.8% occurred.
For this reason, we expect the example to belong to class 3,
which is true.
In contrast, both examples 12 and 22 have low p-values
for each class, which means that we cannot be confident
when assigning these examples to any of the classes. These

Table 1: Classification with confidence for the CP-RF applied to the Salmonella data in the on-line mode: each object
is complemented with p-values, one for each label, as well
as values of confidence and credibility
No. p-value p-value p-value Confi- Credi- Predicted True
for 1 for 2 for 3 dence bility
label label
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

100.0%
75.0%
40.0%
33.3%
28.6%
75.0%
11.1%
70.0%
9.1%
8.3%
7.7%
7.1%
6.7%
81.3%
5.9%
5.6%
5.3%
10.0%
4.8%
4.5%
30.4%
4.2%
4.0%

66.7%
75.0%
100.0%
50.0%
28.6%
12.5%
11.1%
10.0%
9.1%
8.3%
7.7%
7.1%
26.7%
6.3%
41.2%
5.6%
15.8%
5.0%
4.8%
4.5%
4.3%
4.2%
4.0%

100.0%
75.0%
40.0%
33.3%
14.3%
12.5%
11.1%
10.0%
45.5%
8.3%
84.6%
100.0%
6.7%
6.3%
5.9%
100.0%
5.3%
5.0%
95.2%
9.1%
4.3%
50.0%
68.0%

0.0%
25.0%
60.0%
66.7%
71.4%
87.5%
88.9%
90.0%
90.9%
91.7%
92.3%
92.9%
93.3%
93.8%
94.1%
94.4%
94.7%
95.0%
95.2%
95.5%
95.7%
95.8%
96.0%

100.0%
75.0%
100.0%
50.0%
28.6%
75.0%
11.1%
70.0%
45.5%
8.3%
84.6%
100.0%
26.7%
81.3%
41.2%
100.0%
15.8%
10.0%
95.2%
9.1%
30.4%
50.0%
68.0%

Tie
Tie
2
2
Tie
1
Tie
1
3
Tie
3
3
2
1
2
3
2
1
3
3
1
3
3

1
2
2
1
3
1
1
1
3
2
3
3
2
1
2
3
2
1
3
3
1
3
3

low p-values produce high confidence (91.7% and 95.5%)
and low credibility (8.3% and 9.1%). For this reason, we
are likely to make an erroneous prediction. As a result, the
output for example 12 is a tie, but prediction for example 22
is correct.
In general, one can see from Table 1 that when the
number of examples is relatively low (up to 12 examples),
the situations occur when forced predictions make errors
or output ties. Starting from example 13 we never output
erroneous predictions, confidence is always high (it has the
maximum possible value), but credibility varies a lot. High
value of confidence implies that we are confident in rejecting
the labels that are not true. This tendency can be observed
starting from example 8.

Table 2: Accuracy of forced correct predictions for conformal predictors applied to Salmonella and human cancers data
in the LOO mode.
Algorithm

Salmonella Data

Cancer Data

CP-RF
CP-RF-1NN
CP-RF-5NN
CP-1NN
CP-5NN
CP-SVM (rbf, 5)
CP-SVM (poly, 5)
Max bare prediction

98.2–100.0%
98.2–100.0%
98.2–100.0%
98.2–100.0%
98.2–100.0%
92.9–94.6%
98.2–100.0%
100.0%

91.3–91.3%
92.5–93.0%
91.3–91.5%
86.0–86.3%
89.3–89.5%
88.0–88.5%
89.3–89.8%
92.5%
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Figure 1: Validity of CP-RF-1NN applied to the Salmonella
data in the on-line mode: the horizontal axis represents the
number of examples in the on-line mode, dotted and solid
lines demonstrate the expected and actual numbers of errors
for different significance levels, respectively.

Figure 2: Validity of CP-RF-1NN applied to the human cancers data in the on-line mode: the horizontal axis represents
the number of examples in the on-line mode, dotted and
solid lines demonstrate the expected and actual numbers of
errors for different significance levels, respectively.

These experiments demonstrated that the Salmonella data
set is clean and it is enough to process 12 samples to
start making correct predictions with high confidence. This
will be further confirmed when identifying the number
of samples starting from which conformal predictors stop
producing multiple predictions.
Since the Salmonella data set is so pure, when we
launched experiments in the LOO mode most conformal
predictors provided high accuracy of forced point predictions
on Salmonella data: 55 correct predictions and 1 tie for
56 objects. Accuracy on cancer data varied from 88.0% to
93%. The accuracy of different conformal predictors can be
seen in Table 2. The lower boundary of the range shown is
the accuracy when all ties make erroneous predictions, the
upper — when all ties are correct. The last row of the table
represents the maximum accuracy of machine learning methods achieved on the data sets without conformal prediction
framework. Among these methods we considered random
forests, SVM and kNN. Comparison shows that conformal
predictors are not beaten by conventional machine learning
methods in accuracy when forced to output singletons as
predictions. At the same time, they assign confidence to each
prediction and produce the second type of predictions —
region predictions, which are always valid.
To demonstrate the validity of conformal predictors, we
launched them as region predictors that, for each significance
level  > 0, predict a set of labels with p-values greater
than . Thus, the predictor may output as a prediction no
label (we call this an empty prediction), one label (certain
prediction) or more than one label (multiple prediction).
The conformal predictors implemented in our work proved
to be valid, that is, for a given significance level  > 0 the
rate of erroneous predictions (predictions not containing an
actual label) does not exceed . This was the case in all

experiments on all data sets.
The validity example is demonstrated in Figures 1 and 2.
The figures show the erroneous predictions dynamics and
confirms the validity of the CP-RF-1NN applied to the
cancer and Salmonella data: solid lines, which represent the
actual number of errors, are close to dotted lines, which
demonstrate the expected number of errors.
Not only did our predictions have a guaranteed error
rate, but also most predictions obtained in experiments with
both Salmonella and human cancers were certain, that is,
the algorithm usually output one label as a prediction. In

Table 3: Efficiency of conformal predictors in the LOO
mode: certain prediction and certain correct prediction rates
for different conformal predictors at significance levels  =
5% and 10%.
Significance level

10%

5%

Certain Certain correct Certain Certain correct
Cancer data
CP-RF
CP-RF-1NN
CP-RF-5NN
CP-1NN
CP-5NN
CP-SVM (rbf, 5)
CP-SVM (poly, 5)

94.8%
94.0%
94.5%
86.5%
96.0%
89.5%
81.5%

89.8%
89.3%
89.5%
79.0%
87.8%
83.8%
76.5%

CP-RF
CP-RF-1NN
CP-RF-5NN
CP-1NN
CP-5NN
CP-SVM (rbf, 5)
CP-SVM (poly, 5)

91.1%
91.1%
92.9%
91.1%
91.1%
94.6%
91.1%

91.1%
91.1%
92.9%
91.1%
91.1%
91.1%
91.1%

89.5%
91.3%
89.5%
68.8%
78.3%
77.0%
67.5%

86.8%
87.8%
86.0%
64.5%
74.5%
72.8%
64.3%

Salmonella data
96.4%
98.2%
98.2%
96.4%
96.4%
94.6%
96.4%

96.4%
98.2%
98.2%
96.4%
96.4%
91.1%
96.4%
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Figure 3: Efficiency at significance level 10% for the CPRF-1NN applied to the Salmonella data in the on-line mode.

Figure 4: Efficiency at significance level 10% for the CPRF-1NN applied to the cancer data in the on-line mode.

addition, almost all certain predictions were correct, which
implies that most errors were made by empty predictions.
The exact rates of certain predictions and correct certain
predictions are shown in Table 3.
Figures 3 and 4 demonstrate the dynamics of efficiency
characteristics at significance level of 10% of the CPRF-1NN applied in the on-line mode to the Salmonella
and cancer data, respectively. The characteristics shown are
the number of multiple predictions, the number of certain
predictions and the number of empty predictions. The figures
demonstrate that while the number of analyzed examples is
low (up to 9 examples for Salmonella data), they do not carry
enough information to make certain predictions without
losing validity, that’s why most predictions are multiple. But
starting from Salmonella example 10, we have accumulated
enough information so that multiple predictions became rare
and most of prediction regions contain exactly one label. The
Salmonella plot confirms purity of the Salmonella data: the
first ten examples contain enough information to make valid
correct predictions at the level 10%; no multiple predictions
are output after example 9 and all certain predictions are
correct. The cancer data set is not as clean: some of certain
predictions are not correct, and multiple predictions do not
stop occurring, but are output extremely rarely.
Both plots conform with the empirical fact established
in [1] that empty predictions start to occur when the number
of multiple predictions stabilizes. In addition, the figures
allow us to determine the number of examples required for
producing mostly correct predictions in the on-line mode:
10 examples for Salmonella data and about 50 examples for
cancer data.

methods always output one label as a prediction and, hence,
have fixed efficiency. Conformal predictors, in contrast, can
guarantee validity.
However, conformal predictors can also be forced to
output a singleton as a prediction with a loss in validity
guarantee. Thus, the output of conformal predictors can be
interpreted in two different ways: either with guaranteed
validity, or with guaranteed efficiency.
Experiments on medical and veterinary microarray data
demonstrated that conformal predictors can be a useful
bioinformatics tool. When producing region predictions,
the property of validity was empirically confirmed in all
experiments: the ratio of mistakes made by region predictors
does not exceed the preset level. When forced to output
predictions-singletons, the performance of conformal predictors was comparable to the performance of conventional
machine learning methods, which resulted in high accuracy
of forced point predictions.

5. Conclusion
When providing predictions, we have to balance validity
and efficiency: the bigger the prediction set, the fewer erroneous predictions we make. Conventional machine learning
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Identification of Transmembrane !-Barrel Proteins Using
a K-Nearest Neighbor Method Based On Weighted
Manhattan Distance
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Abstract - Transmembrane !-barrel (TMB) proteins play
diverse important functional roles in many aspects of
bacterial functions. Computational methods that can
discrimination TMB proteins from non-TMB proteins with
high performance are in demand. This paper presents a knearest neighbor (K-NN) method for identifying TMB
proteins in Gram-negative proteomes. The method makes
predictions based on weighted Manhattan distance
computed from residue composition. The method’s
performance was further improved by including
evolutionary information and by applying feature selection.
This final method achieved 97.1% overall accuracy with
0.892 Matthews Correlation Coefficient (MCC) in crossvalidations. When tested on an independent dataset that was
not seen by the method during training and feature
selection, the method still achieved 94.2% overall accuracy
with 0.793 MCC. Comparison results show that the method
proposed in this study output-performs other published
state-of-the-art methods such as TMB-Hunt, BOMP, and
TMBETADISC-RBF.
Keywords: !-barrel proteins, feature selection, K-nearest
neighbor algorithm, weighed Manhattan distance

1

Introduction

Transmembrane proteins can be divided into two
classes based on the structure of the transmembrane
regions: transmembrane "-helical (TMA) proteins whose
transmembrane regions are "-helices, and transmembrane
!-barrel (TMB) proteins whose transmembrane segments
are anti-parallel !-strands in the form of beta-barrel. Among
them, TMB proteins only reside in the outer membrane of
gram-negative bacteria and the outer membranes of
mitochondria and chloroplasts. These proteins perform
diverse important functional roles including bacterial
adhesion, structural integrity of the cell wall, material
transport, and catalytic activity [1][2][3].
Due to the importance of transmembrane proteins,
computational methods that can identify transmembrane
proteins are in high demand. Unlike TMA proteins that can
be easily identified by the long hydrophobic transmembrane
regions, TMB proteins are much harder to identify due to

their much shorter transmembrane stretches of amino acids
and their lack of clear patterns in their membrane spanning
regions [2]. Despite these many difficulties, numerous
methods have been developed to identify TMB proteins by
exploring various properties such as sequence profiles [4],
!-barrel score and signal peptides [5], the distribution of
multiple properties on protein sequences [6], residue
composition and predicted secondary structure [7], and
scoring hidden Markov model [8]. Recently, three state-ofthe-art methods (i.e., TMB-Hunt [9][10], BOMP [11], and
TMBETADISC-RBF [12]) have been developed for the
quick identification of TMB proteins. TMB-Hunt predicts
TMB proteins based on residue composition [9][10].
BOMP method identifies TMB proteins using a
combination of pattern search, !-barrel score based on
amino acid distribution, and a filter that explores the
abundance of asparagine and isoleucine in the protein [11].
TMBETADISC-RBF [12] discriminates !-barrel membrane
proteins based on radial basis function networks and
position specific scoring matrix (PSSM) profiles generated
by PSI-BLAST [13] and non-redundant protein database.
TMBETADISC-RBF is claimed to have higher
discrimination accuracy than other methods in the literature.
All these three methods have online servers available for
public usage, making it possible for comparing them with
the current study. In addition to methods that predict
whether a protein is a TMB protein, many other methods
aim at predicting the topology of a given TMB protein.
Among them, RRED-TMBB [14] and PROFtmb [15] were
reported to achieve top performances in predicting topology
of TMB proteins [16].
In this study, the goal is to predict whether a protein is
a TMB protein, using only information derived from protein
sequences. To this end, we have developed a K-nearest
neighbor (K-NN) method. The method was trained and
evaluated on benchmark datasets of TMB and non-TMB
proteins with experimentally determined structures.
Different from the K-NN method used in TMB-Hunt and
BOMP, the proposed method uses a weighted Manhattan
distance (WMD) as the distance measurement. Said
measurement was calculated using compositions of certain
amino acids and di-peptides chosen by a systematic feature
selection process. Comparisons with methods such as
TMB-Hunt, BOMP, and TMBETADISC-RBF show that
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the proposed method can achieve better performance than
others.

(“Cytoplasmic”

2

CytoplasmicMembrane” subgroup),

2.1

Material and methods

Membrane”
subgroup),

Datasets

The dataset of transmembrane !-barrel proteins was
obtained from two public databases in December 2009. It
includes 282 proteins that are classified as “transmembrane
beta-barrels” in the SCOP database [17] and 139 proteins
from “!-barrel porins” subclass in Transport Proteins
Database [18]. The transmembrane portions of these 421
(282+139) proteins consist exclusively of !-strands that
form a !-barrel; thus they are TMB proteins. Redundant
proteins were removed using BLAST [13] to ensure the
identity between any two proteins is less than 25%, i.e.,
with less than 25% identical residues on 90% length
coverage of any sequence. Proteins with less than 50 amino
acids were removed, and proteins that were not from Gramnegative bacterial were also discarded. The final dataset
consisted of 141 proteins.

subgroup),

2.2

Feature set

2.2.1

Residue composition
The residue composition of a protein was calculated
using
(1)

where ni and nj are the numbers of residues of types i and j.
The average residue composition of TMB proteins was
given by
(2)

and ni_tmb and nj_tmb are the total numbers of residues of
types i and j in all TMB proteins. The averaged residue
compositions for every subgroup of non-TMB proteins are
calculated in a similar way. They are denoted as

(“Cytoplasmic,

subgroup),

(“Extracellular”

(“Periplasmic” subgroup) and

(“Periplasmic, CytoplasmicMembrane” subgroup).
2.2.2

Di-peptide composition
A di-peptide consists of two amino acids connected by
a single peptide bond. In total, there are 400 types of dipeptides. The di-peptide composition of a protein and the
average di-peptide composition of a subcellular location
were calculated in a similar way to residue composition.

2.3

Weighted Manhattan distance

For each test protein, the distance to a train protein x
of type T is calculated using
Dtx =

"| t
i

Non-TMB proteins were obtained from the PSORTdb
database [19], and redundant proteins were removed so that
the mutual identity was less than 25%. Proteins with less
than 50 amino acids were also discarded. The final nonTMB proteins were divided into 6 groups based on their
subcellular locations: 245 proteins from “Cytoplasmic”, 194
proteins from “CytoplasmicMembrane”, 15 proteins from
“Cytoplasmic, CytoplasmicMembrane”, 158 proteins from
“Periplasmic”, 33 proteins from “Periplasmic, CytoplasmicMembrane”, and 83 proteins from “Extracellular”.

(“Cytoplasmic-

i

! xi |

(3)

| ti ! xi |
xi

where ti is the ith composition of the test protein, xi is the ith
is the ith
composition of the training protein x, and
average composition of all proteins of type T. T could be
TMB proteins or non-TMB proteins, i.e., “Cytoplasmic”,
“CytoplasmicMembrane”, “Cytoplasmic, CytoplasmicMembrane”, “Periplasmic”, “Periplasmic, Cytoplasmicis the
Membrane”, or “Extracellular”. Notice that

"| t

i

! xi |

i

Manhattan distance (MD) between two proteins. Here, in
the calculation of the distance, each item within the
summation is weighted by a factor of | t i ! x i | / x i .
Therefore, this distance is referred to as weighted
Manhattan distance (WMD) in this study. For comparison
purpose, standard Manhattan distance (MD) and standard
Euclidian distance (ED) were also tested.

2.4

K-nearest neighbor (K-NN) algorithm

For each test protein, its weighted Manhattan distances
to every TMB protein in the training set were calculated. K
smallest distances were chosen. Let them be Dtmb!1 ,
Dtmb! 2 ,.., Dtmb! k . Then, the distance between the test
protein and the TMB group was given by
1
Dtmb = (Dtmb!1 + Dtmb!2 + ...+ Dtmb!k )
k

(4)

The distances between the test protein and each of the six
non-TMB subgroups were computed in a similar way.
These distances were denoted as DCyt (“Cytoplasmic”),

DCytM (“CytoplasmicMembrane”), DCCM (“Cytoplasmic,
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CytoplasmicMembrane”), DPer (“Periplasmic”), DPCM
(“Periplasmic,
CytoplamsicMembrane”),
and
DExt
is less than all the other distances,
(“Extracellular”). If
then the test protein is predicted to be a TMB protein.
Otherwise, it is predicted to be a non-TMB protein. In this
study, different values of k were tried. The best
performance was achieved when k=4. Thus the results with
k=4 were reported.

2.5

Including evolutionary information into
the calculation of residue composition
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used to calculate WMDs. Four-fold cross-validation was
used to evaluate the performance of the method. This step
was repeated n times, so that every combination of n-1
amino acids was tried. The combination that improved the
performance most was chosen. Thus, the size of the feature
set was reduced from n to n-1. This reduction process was
continued until removing any amino acid from the feature
set would reduce the performance. At the end of the
reduction stage, we reached a feature set that included the
).
composition of N amino acids (

Information from homologous sequences has been
proved to be useful in solving many bioinformatics
problems. For each protein, the BLAST program [13] was
used to search for homologous sequences in the NCBI nonredundant database with E =0.0001. Fifty best hits were
chosen from the returned result. If less than 50 hits were
returned, then all of the hits were chosen. These sequences
plus the query protein were used to calculate the residue
composition for the query protein.

Next, a growth stage was used to increase the size of
the feature set by adding di-peptides. One di-peptide was
added at a time, and the resulting feature set was used to
calculate WMDs. Four-fold cross-validation was used to
evaluate the performance of the method. This step was
repeated 400 times, so that every di-peptide was tried. The
di-peptide that yielded the greatest improvement in
performance was chosen and added to the feature set. Thus,
the size of the feature set was increased to N+1. This
growth process continued until adding any more di-peptides
would decrease the performance level.

2.6

2.8

Cross-validation and independent test

The dataset was randomly split into 5 subsets. Four
subsets (referred to as Set_A) were used to perform fourfold cross-validation and feature selection. In each round of
experiments, three subsets were used as a training set, and
the remaining subset was used as a test set. This procedure
was repeated four times with each subset being used as a
test set once. The overall performance was calculated. The
fifth subset (independent set, and refered to as Set_B)
served as the test set in the independent test stage, in which
the classifier was trained using the four subsets (Set_A) and
then tested on the independent set (Set_B). Note that the
algorithm did not see independent set during the feature
election stage and the training of the classifier.

Assessment of predictive ability

Performances were measured using sensitivity,
specificity, accuracy (ACC), and Matthews’ correlation
coefficient (MCC):

Feature selection

The proposed K-NN method was further extended by
including the composition of di-peptides. However, not all
features are equally useful for the identification of TMB
proteins. An automatic greedy feature selection process was
used to select the most relevant features. This method is a
simplified version of the Bestfirst method included in Weka
[20], a widely used data-mining tool package. It wraps the
K-NN classifier in the feature selection process.
This project’s greedy feature selection algorithm
started with a feature set that included 20 amino acids. Let n
be the size of the feature set. Then n=20 at the beginning.
The algorithm can be divided into two stages: reduction and
growth. In the reduction stage, the size of the feature set
was gradually reduced. First, one amino acid was removed,
and the composition of the remaining n-1 amino acids were

TP
TP + FN

(5)

Specificity =

TN
TN + FP

(6)

ACC =

MCC =

2.7

Sensitivity =

TP + TN
TP + FP + TN + FN

TP ! TN " FP ! FN
(TP + FN)(TP + FP)(TN + FP)(TN + FN)

(7)
(8)

where TP was the number of true positives (i.e., the number
of TMB proteins predicted as TMB); TN was the number of
true negatives (i.e., the number of non-TMB proteins
predicted as non-TMB); FN was the number of false
negatives (i.e., the number of TMB proteins incorrectly
predicted as non-TMB) and FP was the number of false
positives (i.e., the number of non-TMB proteins incorrectly
predicted as TMB). Sensitivity is a measure of the
percentage of TMB proteins correctly classified. Specificity
is the percentage of non-TMB proteins correctly classified.
Accuracy is the overall percentage of proteins correctly
predicted. MCC (Matthews correlation coefficient)
measures the correlation between predictions and actual
class labels, which is in the range of [-1, 1], with 1 denoting
perfect predictions and -1 denoting that every example is
incorrectly predicted. In a two-class classification, if the
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numbers of examples of the two classes are not equal, MCC
is a better measure than accuracy [21].

prediction was improved to 94.6% overall accuracy and
0.792 MCC.

3

3.3

3.1

Results
The K-NN method’s ability to identify
TMB proteins

The weighted Manhattan distance (WED) was
developed as the distance measurement in the proposed KNN algorithm. Four-fold cross-validations were used to
evaluate the performance. For each protein, only the protein
itself was used to calculate residue composition. Twenty
amino acids were used to calculate the weighted Manhattan
distances. As can been see from Table 1 (row 4), the
proposed method can distinguish TMB proteins and nonTMB proteins with 91.5% overall accuracy and 0.671
MCC.
For comparison, other distance measurements were
also tested. The same experimental procedures were used,
except that the weighted Manhattan distance was replaced
by standard Manhattan distance and Euclidian distance. The
results show that K-NN based on standard Manhattan
distance achieved 88.5% overall accuracy and 0.606 MCC
(Table 1, row 2), and K-NN based on standard Euclidian
distance achieved 89.0% overall accuracy and 0.616 MCC
(Table 1, row 3). The comparison (Table 1, row 2, 3 and 4)
shows that the weighed Manhattan distance proposed in this
study is a better strategy for discriminating TMB from nonTMB proteins.
Table 1. Performance of TMB prediction before feature
selection
Methods
K-NN method + MD1
K-NN method + ED2
K-NN method + WMD3
K-NN method + WMD
homologous sequence4

+

Overall
Accuracy
88.5%
89.0%
91.5%
94.6%

MCC
0.606
0.616
0.671
0.792

1

K-NN method using the standard Manhattan distance.
K-NN method using the standard Euclidian distance.
3
K-NN method using the weighted Manhattan distance.
4
K-NN method using the weighted Manhattan distance, and including
homologous sequences to calculate the residue composition.
2

3.2

Including
evolutionary
information
increases the prediction performance

For each test and training proteins, the BLAST
program [13] was used to search for homologous sequences
against the NCBI non-redundant database with E = 0.0001.
At most, 50 best hits plus the protein itself were used to
calculate the residue composition. Compositions of all 20
amino acids were used to calculate the weighted Manhattan
distances. As can be seen from Table 1 (row 5), the

Further improvement of the prediction
performance by greedy feature selection

A greedy feature selection process as described in
Materials and Methods was used to search for a
combination of features that could be used to predict TMB
proteins. MCC was used as the primary measure of
prediction performance. In the end, a set of features that
include the compositions of 17 amino acids {'A', 'C', 'D', 'E',
'F', 'G', 'K', 'L', 'M', 'N', 'P', 'Q', 'R', 'S', 'T', 'V', 'Y'} and 14
di-peptides {'HG', 'IH', 'KF', 'MR', 'TN', 'VG', 'VP', 'WL',
'WY', 'YE', 'YF', 'YH', 'YL', 'YV'} was chosen. As can be
seen from Table 2 (column 2), using the selected features
and including evolutionary information, the performance of
the proposed K-NN method was improved to 97.1% overall
accuracy, 0.892 MCC, 87.6% sensitivity, and 99.0%
specificity.
The proposed method was also evaluated using an
independent test, in which the classifier was trained using
the four subsets (Set_A) and tested on an independent set
(Set_B). Note that the independent set was not seen by the
prediction method during the feature-selection stage and the
training of the classifier. The results (Table 2, column 3)
show that the method achieves 94.2% accuracy, 0.793
MCC, 85.7% sensitivity, and 95.8% specificity in the
independent test.
Table 2. Prediction ability of the proposed K-NN method
after feature selection
MCC
Accuracy
Sensitivity
Specificity

Four-fold Cross-validation1
0.892
97.1%
87.6%
99.0%

Independent Test2
0.793
94.2%
85.7%
95.8%

The final K-NN method is based on the weighted Manhattan distance, and
includes homologous sequences to calculate the compositions of selected
amino acids and di-peptides chosen by feature selection process.
1
Four-fold cross-validation on Set_A;
2
Independent test of the proposed method on Set_B.

3.4

Comparison
methods

with

other

prediction

The proposed K-NN method was also compared with
other state-of-art TMB prediction methods, such as TMBHunt [9][10], BOMP [11], and TMBETADISC-RBF [12].
These methods provide web servers, which makes it easier
for comparison. Since the number of positive and negative
samples is not balanced, MCC was used as the primary
measurement of prediction performance. The proteins used
in this study, i.e., both TMB and non-TMB proteins, were
submitted to the servers of TMB-Hunt, BOMP and
TMBETADISC-RBF.
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As can be seen from Table 3, the proposed K-NN
method outperformed all other three methods on both
Set_A (the first four subsets) and Set_B (the independent
subset) in terms of accuracy and MCC. It is worthwhile to
point out that the datasets used in the current study are
likely to have a big overlap with the datasets that were used
to
train
TMB-Hunt,
BOMP,
TMB-Hunt,
and
TMBETADISC-RBF servers. Thus, when these methods
were evaluated by submitting our datasets to their web
servers, the performance of these methods might have been
overestimated. In contrast, our K-NN method was evaluated
using a four-fold cross-validation and an independent test
such that any protein in the training set and any protein in
the test set shared less than 25% identity. Remarkably, the
proposed K-NN method still outperformed the others under
this condition. Another advantage of the proposed K-NN
method is its speed. No parameters need to be tuned. The
training and prediction processes are simple and efficient.
The calculation of residue and di-peptide composition is
fast and straightforward. Thus, it can be applied to largescale dataset.
Table 3. Comparisons of different methods
Method
KNNa
TMB-Huntb
BOMPc

TMBETADISCRBFd

Set_A1
ACC
MCC
97.1%
0.892
92.6%
0.712
93.2%
0.735
89.7%
0.668

Set_B2
ACC
MCC
94.2%
0.793
89.5%
0.639
94.3%
0.775
89.0%
0.664

a
The method proposed in this study. Using compositions of selected amino
acids and di-peptides, and including homologous sequences, the proposed
K-NN method based on weighted Manhattan distance achieved highest
performance.
b
When evolutionary information is used, TMB-Hunt can achieve better
performance. The results reported here were achieved with evolutionary
information.
c
When BLAST search is selected, BOMP can achieve better performance.
The results reported here were achieved with BLAST selected.
d
When PSSM features are used, TMBETADISC-RBF can achieve better
performance. The results here were achieved using PSSM features.
1
Performances on the first four subsets (Set_A).
2
Performances on the fifth subset - independent test dataset (Set_B).

4

Conclusions

In this study, a K-NN method was proposed to
discriminate TMB proteins from non-TMB proteins. The
method used weighted Manhattan distance as distance
measurement. By including homologous sequences and
feature selection, the proposed K-NN achieved 97.1%
accuracy and 0.892 MCC using four-fold cross-validations.
When evaluated on an independent dataset that has never
been seen by the algorithm in the feature selection stage, the
method still achieved 94.2% accuracy and 0.793 MCC.
Comparisons also show that the proposed method
outperformed previous published state-or-art methods such
as TMB-Hunt, BOMP and TMBETADISC-RBF. In
addition to its accuracy, another virtue of the developed KNN method is its speed.
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The proposed K-NN method used a weighted
Manhattan distance (i.e.,
| t i ! x i | ) as the distance

"| t ! x
i

i

i

|

xi

measurement. Compared with the standard Manhattan
distance and standard Euclidian distance, the weighted
Euclidian distance is a better measurement to evaluate the
relationship between a protein and a group. For example,
consider the same amount of standard Manhattan distance
of 0.01. When ti is 0.89 and xi is 0.9, the distance is less
significant if

is 0.9 than when

is 0.1, where ti is the

residue composition of a test protein, xi is the residue
composition of a training protein, and

is the average

residue composition all training proteins of a group. Even
for the same amount of

= 0.9, the difference between ti

and xi, when ti is 0.89 and xi is 0.9, is less significant than
the difference when ti is 0.11 and xi is 0.10. By assigning a
weight of | t i ! x i | / x i to the term, the average composition
of a group and the distance of a protein to the average of its
group are both considered. Therefore, significant
differences between ti and xi will return larger values in the
WMD.
Future work includes extending the definition of the
weighted Manhattan distance to include the composition of
n-peptides, gapped-peptides and pseudo amino acids.
Another possible improvement of the method is dividing
amino acid into groups and using reduced alphabets to
encode amino acids to catch the physiochemical similarities
among residues.
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Abstract - An approximate query in sequence databases
returns a large number of similar subsequences, called a
mismatch cluster, to the user. A problem arises, namely, that
the user finds it difficult to discover regularity from very large
similar subsequences in the returned mismatch cluster. To
support the discovery of regularity from a mismatch cluster,
we developed two novel methods for the efficient extraction of
a reduced expression, called a minimum generalized set, of the
mismatch cluster. However, a problem arises, namely, that
these former methods lack the capability to process similar
subsequences with different lengths. In the present paper, a
method is proposed for mining generalized sequential patterns
from similar subsequences with different lengths. In order to
reconcile their lengths with those with the same length,
multiple alignments in the method play an important role in
replacing multiple characters adjoined with one character.
The proposed methods resulted in a high capability for mining
generalized sequential patterns from mismatch clusters
returned by an approximate query in the sequence database.
Key words: mismatch, similarity, alignment, sequence.

1

Introduction

An approximate query is executed as a similarity search in
sequence databases. The similarity search returns a large
number of similar subsequences, called a mismatch cluster, to
the user and is an important mechanism in many application
domains, such as finding similar molecular subsequences
subsumed in motifs, finding patients whose lung lesions have
similar evolution characteristics, and detecting stocks that
have similar growth patterns.
The motifs discovered by many biologists appear in
PROSITE [1] and Pfam [2] [3] and are regarded as a protein
function that has been conserved in the process of molecular
evolution. For example, the Kringle domain [4] is applied to
pharmaceutical drugs for cerebral infarctions and thrombosis
and is the focus of many investigations in the field of clinical
oncology. The Kringle motif included in the domain is
represented as the following sequential pattern: <[FY]-C[RH]-[NS]-x(7,8)-[WY]-C>.
The symbol [FY] is an ambiguous character and denotes
allowance of the selection of any character included in the set
{F, Y}. The symbol x(7,8) between two ambiguous characters,
[NS] and [WY], denotes a string consisting of seven and eight

wildcards in which the wildcard is a special character that can
be used to substitute for any other character.
A problem arises, namely, that the user finds it difficult to
discover regularity from very large similar subsequences in
the returned mismatch cluster. To support the discovery of
regularity from a mismatch cluster, we developed two novel
methods [5] [6] [7] for the efficient extraction of a reduced
expression, called a minimum generalized set, of the
mismatch cluster.
For example, suppose that a mismatch cluster MIS is
{<ABF>, <AEC>, <AEF>, <DBF>, <DEC>, <DEF>}. We
can obtain a set {<[AD]E[CF]>, <[AD][BE]F>} of regular
expressions from the mismatch cluster MIS. Each element in
the set is called a generalized sequential pattern or, simply, a
generalized pattern. Moreover, the number of different tuples
including the pattern in the sequence database is called its
support number.
Extracting the generalized pattern set from the mismatch
cluster gives the user the following advantages: it spares him
from the workload of inspecting and/or analyzing the
mismatch cluster returned from the approximate query, and it
aids in his comprehension of the regular characteristics for the
mismatch cluster.
The literature [5] [6] [7] reports that most of the generalized
patterns with high ranking include several solutions evaluated
from the motif patterns. Therefore, this method increases the
chance that we identify generalized patterns, including a part
of the motif patterns, when we focus on generalized patterns
with high ranking.
For example, the Kringle motif has 16 similar instances
included in the motif, but the Kringle dataset presently stored
with 90 sequences includes the following similar instances:
<Y-C-R-N-x(7,8)-W-C>:64, <F-C-R-N-x(7,8)-W-C>:22, <FC-R-S-x(7,8)-W-C>:9, and <Y-C-R-N-x(7,8)-Y-C>:2, where
the number appearing on the right-most side of the each string
is a support number. Both former methods have the capability
for extracting the generalized pattern <[FY]-C-R-N-x(7,8)-WC>:81 from the mismatch cluster returned by an approximate
query in the Kringle dataset. The generalized pattern has
higher ranking than the original instances. Moreover, each
method can extract the generalized pattern <[FY]-C-R-[NS]x(7,8)-W-C> with a higher support number, if one sequence
including instance <Y-C-R-S-x(7,8)-W-C> of the motif is
added to the Kringle dataset. The generalized pattern covers
every similar instance stated previously. However, a problem
still arises, namely, that neither of these former methods has
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the capability to process similar subsequences with different
lengths.
In the present paper, we propose a method for mining
generalized patterns from similar subsequences with different
lengths. To reconcile their lengths with those with the same
length, we achieve reconciliation by applying multiple
alignments to the mismatch cluster before extracting the
generalized pattern set. The multiple alignments in the method
then play an important role in replacing multiple characters
adjoined with one character. The remainder of the present
paper is organized as follows. A discussion of related research
is presented in Section 2. The terminology and problem
definition are described in Section 3. The proposed method is
described in Section 4. An outline of the performance
evaluation is reported in Section 5, and the results of the
present study are summarized in Section 6.

2

Related work

A significant amount of research [8] [9] [10] [11] [12] [13] [14] [15]
has been carried out on approximate queries in the fields of
computer science and bioinformatics with the goal of finding
similar subsequences in sequence databases. Each
approximate query includes a length-k query subsequence,
simply called a query k-subsequence, and the number r of
allowable mismatches with respect to the query k-subsequence.
Research on approximate queries is focused on speeding
up the similarity search, including the editing distance, but not
on analyzing the mismatch cluster and the extraction of
regularity from it. To extract regularity from the mismatch
cluster, two novel methods [5] [6] [7] were developed by our
group. However, a problem still arises, namely, that neither of
these former methods has the capability to process similar
subsequences with different lengths.
The present paper proposes a method for mining
generalized sequential patterns from similar subsequences
with different lengths.
[16]

3

Terminology and problem definition

In this section, we describe the essential terminology and
define the problem to explain the method for extracting the
generalized pattern set from the mismatch cluster.

3.1

Approximate query

The most commonly accepted measure for evaluating the
difference between subsequences is probably the editing
distance. [10] [11] [17] In this paper, we use the Hamming distance
to measure the difference between two subsequences, X and Y,
denoted as d(X,Y). The Hamming distance between two
subsequences of equal length is the number of positions at
which the corresponding characters differ.
Given a query subsequence K and allowable error r0, the
approximate query selects all subsequences K’ in the sequence
database DB such that d(K,K’)  r. The approximate query is
sometimes called a range query. r denotes the allowable error,
called the radius of the search circle, and K is called the center
of the search circle. Moreover, we allow the query

subsequence that includes the wildcard character „*,‟ which
matches any character without error.
Example 1: For X=<ABAC> and Y=<DB*D>, we can obtain
the Hamming distance d(X,Y)=2.

3.2

Mismatch cluster

The mismatch cluster, which is a large number of similar
subsequences returned by the approximate query, is
represented as the following form:
MIS = {<inst1>, <inst2>, , <instn>}.
(1)
The symbol <inst> included in MIS is called an instance,
which is selected from the sequence database by the
approximate query. The length of the instance <inst> is
represented as |<inst>|, and the jth letter from the head of the
instance <inst>, as <inst>[j], where 1j|<inst>|.
For example, when an approximate query returns 4 similar
subsequences, <ABC>, <ABDC>, <ACC>, and <ABBC>, the
mismatch cluster MIS is represented as MIS =
{<ABC>,<ABDC>, <ACC>, <ABBC>}.
The length of
<ABC> is represented as |<ABC>|=3. The three characters in
<ABC> are represented as <ABC> [1] = „A‟, <ABC> [2] = „B‟,
<ABC> [3] = „C‟.

3.3

Generalized sequence pattern

For alphabet Σi  Σ and 1  i  k, a generalized length-k
pattern <patk> with k alphabet letters Σ can be used to
represent the set of k-instances and has the following form:
<pat k> = <Σ1-x(i1,j1) - Σ2-x(i2,j2) - … -Σk-1 -x(ik-1,jk-1)-Σk> (2)
The position of alphabet Σi in Equation (1) is called an
ambiguous letter region. The set Σi in the equation is called an
ambiguous letter domain and denotes the allocation of any
alphabet letter included in Σi, where |Σi |≧2 and 1  i  k.
Equation (2) is called an ambiguous k-sequence pattern, or
simply a generalized k-pattern, if there is at least one
ambiguous domain Σi such that |Σi |≧2 in 1  i  k. The “-”
symbol means that the next element is continued. However,
this symbol is sometimes omitted. The symbol x(i,j) in
Equation (1) denotes the wildcard length between i and j,
where 0  i  j. If i < j, then this region is called a variablelength wildcard region. If i = j, it is the same as a fixed-length
wildcard region, and this region can be represented as x(i).
The expression x(1) is equal to the wildcard „*.‟ The wildcard
indicates an arbitrary alphabet letter included in alphabet Σ.
The expression x(0) denotes an empty string.
Consider the following Kringle motif:
< [FY]C[RH][NS]x(7,8)[WY]C >.
[FY], C, [RH], [NS], [WY], and C denote Σ1 = {F,Y}, Σ2 = {C},
Σ3 = {R,H}, Σ4 = {N,S}, Σ5 = {W,Y}, and Σ6 = {C},
respectively.
Hereafter, we usually omit the expression of wildcard regions
to emphasize the ambiguous expression focused on here.
Therefore, the ambiguous sequence pattern is represented as
follows:
<pat k> = <Σ1Σ2… -Σk-1Σk>.
(2)
For Σi = {αi} and 1  i  k, Equation (2) is represented as <pat
k
> = <α1α2…αk-1αk>.
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Consider an extension in which the element of Σi in
Equation (3) allows not only one character but also multiple
characters adjoined. When we represent all finite words over
Σ as Σ*, the extension of Equation (3) is represented as
follows:
<pat k> = <Σ*1Σ*2… -Σ*k-1Σ*k>,
(3)
where Σ*i  Σ* for 1  i  k and alternative choices related to
all members in Σ*i are separated by the „|‟ symbol in Equation
(3).

3.4

Deriving instances from pattern

Consider function EVAL(<Σ1Σ2 …Σk-1Σk>) deriving all
possible length-k character strings, called k-strings, from a
generalized k-pattern <Σ1Σ2…Σk-1Σk>. The k-string does not
always appear in the sequence database. The k-string that
appears in the sequence database denotes a subsequence,
called an instance. The following equation represents a
property of the function EVAL:
EVAL(<Σ1Σ2 …Σi－1(Σi－{αi})Σi+1 …Σk>) =
EVAL(<Σ1Σ2 …Σ i－1 Σi …Σk>) –
EVAL(<Σ1Σ2 …Σi－1{αi}Σi+1 …Σk>).
(4)
For example, EVAL(<[AB][CD]>) can generate all possible 2strings {<AC>,<AD>,<BC>,<BD>}. The left-hand-side
EVAL(<[AB]([CD] － {D})>) of Equation (4) becomes
EVAL(<[AB][C]>) = {<AC>,<BC>}, and the right-hand-side
EVAL(<[AB][CD]>) – EVAL(<[AB][D]>) of the equation
becomes {<AC>,<BC>}. Therefore, the left-hand side is
equivalent to the right-hand side in Equation (4).

3.5

Problem definition

Our goal in this paper is to compute a minimum
generalized set of the mismatch cluster MIS including similar
subsequences with different lengths. However, this paper
converts the goal into the problem for extracting a minimum
generalized set from similar subsequences with the same
length. For example, our problem is to extract the minimum
generalized set MGS = {<AB[CD]>, <[AB]CD>, <A[BC]D>}
from MIS = {<ABC>, <ABD>, <ACD>, <BCD>}.
Consider a set MGS constituted by generalized k-patterns
and k-instances, where the k-pattern <patk> and the k-instance
<instk> satisfy EVAL(<patk>)MIS and <instk>MIS,
respectively. The set MGS is called a minimum generalized
set if it satisfies the following conditions:
(1) EVAL(MGS) is equal to MIS.
(2) For any two elements, Gi,GjMGS, both EVAL(Gi) and
EVAL(Gj) are not redundant with each other, where
1ijm.
(3) Any element Gi included in MGS is maximal; namely, the
generalization for Gi subsumes one or more instances that
are not stored in the mismatch cluster.
(4) For any MGS’ satisfying the above (1) to (3),
|MGS’||MGS| is satisfied.
In general, the solution MGS is not unique on the condition
that conditions (1) to (3) above are satisfied, since condition
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(2) eliminates simple redundancy. Therefore, we guarantee the
uniqueness of the solution MGS by adding condition (4)
above. For example, consider the mismatch cluster MIS =
{<ABC>, <ABD>, <ACD>, <BCD>}. The each of both
solutions, MGS1 = {<AB[CD]>, <[AB]CD>, <A[BC]D>} and
MGS2 = {<AB[CD]>, <[AB]CD>}, is satisfied the conditions
(1) to (3) above. The above condition (4) has the capability to
select only one solution MGS1.

4

Proposed method

First of all, we introduce the stepwise generalization
method to extract the minimum generalized set from similar
subsequences with the same length in Section 4.1. Second, we
describe the method for reconciling similar subsequences
with different lengths with those of the same length by using
multiple alignments in Section 4.2. Finally, we propose a
procedure to extract the minimum generalized set from the
sequence database using the approximate query in Section 4.3.

4.1

Stepwise generalization method

Figure 1 shows an example of the enumeration tree to
extract a minimum generalized set from MIS using the
stepwise generalization method. We assign each element of
MIS an identical number from 1 to 6, and each node of the
enumeration tree is represented as set S of identical numbers.
Namely, MIS = {(1,<ABF>), (2,<AEC>), (3,<AEF>),
(4,<DBF>), (5,<DEC>), (6,<DEF>)}. On each descendant of
nodes located at level 2 in the figure, we write down both set
S of identical numbers and the most general pattern for set S.
When we enumerate child nodes on a parent node in the
enumeration tree growth, we find a sibling node with a set S2
including a larger identical number than any identical number
included in set S1 on the parent node and generate the child
node by joining S1S2, where | S1S2 | = | S1 |+1.
For example, set {1,3,4} of identical numbers on the child
node is constructed from the union of set {1,3} on the child‟s
parent node and set {1,4} on the parent‟s sibling node. As a
result, we can obtain the most general pattern <[AD][BE]F>
for the set of identical numbers on the parent‟s child node.
If the most general pattern <pat> for a set of identical
numbers on a node conceptually subsumes any element except
MIS, we can prune the sub-tree with the node defined as the
root node because the most general pattern <pat> on the node
derives instances except MIS. Namely, we can prune the subtree if the following equation is satisfied in the process of a
depth-first enumeration.
(5)
EVAL(<pat>)－MIS ≠ 
For example, set {1,2} of identical numbers on the parent‟s
child node is constructed from the union of set {1} on the
parent node and set {2} on the parent‟s sibling node. The most
general pattern for set {1,2} becomes <A[BE][CF]>. Equation
(13) is satisfied because EVAL(<A[BE][CF]>) － MIS ＝
{<ABC>}≠ . Therefore, we can prune the parent‟s child node
with set {1,2}.
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{}
{2} ・・・

{1}
<ABF>

{ 1, 3}

{ 1, 4}

<A[BE]F> <[AD]BF>

{ 1, 3, 4}

<AEC>

{ 1, 6}

{6}
<DEF>

{ 2, 3} ・・・ { 5, 6}

<[AD][BE]F> <AE[CF]> ・・・ <DE[CF]>

{ 1, 3, 6} { 1, 4, 6}

<[AD][BE]F> <[AD][BE]F>

{5}
<DEC>

{ 2, 3, 5}

{ 2, 3, 6} ・・・

<[AD][BE]F> <[AD]E[CF]>

{1, 3, 4, 6}

{ 2, 3, 5, 6}

<[AD][BE]F>

<[AD]E[CF]>

<[AD]E[CF]>

Figure 1: An example of an enumeration tree
If we complete the exhaustive search using the
enumeration tree, most general patterns that correspond with
leaf nodes in the enumeration tree are solutions. We then have
to remove redundant generalized patterns from solutions. For
example, {1,3,6}，{1,4,6}，{5,6}, {6}, and so forth in the
set of leaf nodes have to be removed from the set of solutions
since they are redundant with {1,3,4,6} in the set of leaf
nodes. As a result, {<[AD][BE]F>,<[AD]E[CF]>} is the
solution set that is the minimum generalized set of MIS.

4.2

Multiple alignments and encoding

To extract the minimum generalized set using the stepwise
generalization method, there is a problem, namely, that
different lengths of similar sequences included in the
mismatch cluster must be reconciled with those with the same
length. The use of the progressive multiple sequence
alignment method [17] [18] is an approach to solve the problem
because this method is useful for preprocessing to reconcile
similar subsequences with different sequence lengths with
those of the same length.
For example, consider a mismatch cluster MIS =
{<A*B**C>, <A**B**C>, <A*B***C>, <A**B***C>}, in
Approximate query

Similarity search

which „*‟ denotes a wildcard character. The mismatch cluster
MIS includes similar subsequences with different lengths. We
can obtain a result MIS’= {<A*#B**#C>, <A**B**#C>,
<A*#B***C>, <A**B***C>} using the progressive multiple
sequence alignment method, where „#‟ denotes a gap inserted
by the alignment method. The left-hand side of Figure 2
shows the mismatch cluster MIS’ in this example. It is clear
that the mismatch cluster MIS’ does not include similar
subsequences with different lengths.
As shown in the left-hand side of Figure 2, consider
showing elements in MIS’ up in a column. The extended
region that is obtained by extending the region of the column
including the gap to the left column of the region is called a $region. For example, the left-hand side of Figure 2 has two $regions. One region is the range between the second to third
columns, and another region is between the sixth to seventh
columns.
A $(1) B
A $(2) B
A $(1) B
A $(2) B

A *# B **# C
A ** B **# C
A *# B *** C
A ** B *** C

* $(1)
* $(1)
* $(2)
* $(2)

C
C
C
C

Figure 2: An example of the replacement
The encoding is achieved by $(1)  ‘*#’, $(2)  ‘**’, and
removing gap ‘#’ symbols, where ‘AB’ indicates the
substitution of B for A.
The mismatch cluster encoded by the $-symbol characters
after applying the multiple alignment is represented as MIS”
that is shown in the right-hand side of Figure 2. Hereinafter,
we focus on the following idea: we apply the stepwise
generalization method to the mismatch cluster MIS’’ when we
obtain similar subsequences with the same length after
removing the gap „#‟ from MIS’’. The implementation of the
idea can be achieved by replacing multiple characters
adjoined with one $-symbol character shown in Figure 2,
where many $-symbol characters are generated for encoding

MGS’’
<A-[$(1)|$(2)]-B-*-[$(1)|$(2)]-C>

Decoding

Sequence database
MGS

MIS
A*B**C
A**B**C
A*B***C
A**B***C

Encoding

Multiple alignments

MIS’
A *# B **# C
A ** B **# C
A *# B *** C
A ** B *** C

Generalization

MIS’’
A $(1) B
A $(2) B
A $(1) B
A $(2) B

* $(1)
* $(1)
* $(2)
* $(2)

C
C
C
C

Figure 3: A dataflow diagram representing the proposed procedure

<A-x(1,2)-B-x(2,3)-C>
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in $-regions, each $-symbol character is represented as a
symbol $(n) with number n, and they are distinguished by the
number n.
An example of Figure 2 shows MIS” = {<A $(1) B * $(2)
C>, <A $(2) B * $(1) C>, <A $(1) B * $(2) C>, <A $(2) B *
$(2) C>}. Each element in MIS” is a length-6 character string.
Applying the stepwise generalization method to MIS” allows
us to extract the minimum generalized set {<A-[$(1)|$(2)]-B*-[$(1)|$(2)]-C>}, which means {<A-x(1,2)-B-x(2,3)-C>}.

4.3

Proposed procedure

Consider executing the approximate query with a query
subsequence K and allowable error r in the sequence database.
The execution of the query then returns the mismatch cluster
MIS. Figure 3 shows a dataflow diagram representing the
proposed procedure, in which an example of the procedure is
illustrated. The proposed procedure is as follows:
(1) Compute the new mismatch cluster MIS’ including similar
subsequences with the same length by applying the
progressive multiple sequence alignment method for MIS.
(2) Find $-regions from the aligned similar subsequences in
the mismatch cluster, where the each $-region is defined as
extending the gap region to the left column from the
region. The gap region denotes a set of continuous gap
columns in which each gap column includes one or more
gaps.
(3) For each $-region of MIS’, encode multiple characters
adjoined with one $-symbol character. Construct MIS’’ by
removing gaps in MIS’ including the $-symbol.
(4) Extract the minimum generalized set MGS’’ from MIS’’
using the stepwise generalization method.
(5) Decode MGS’’ with the $-symbol to MGS with the
original characters.

5

Performance evaluation

The performance evaluation for the proposed method is
achieved by extracting the minimum generalized set from the
mismatch cluster that is returned by the approximate query in
the sequence database. The sequence database is collected
from a dataset in PROSITE. [1] The performance is evaluated
by comparing the execution results of the former method with
those of the proposed method. The generalized patterns in the
minimum generalized set are then ranked with the support
number, and the top-10 patterns are evaluated in the
comparison.

5.1

39

Dataset for the experiment

We select the Zinc Finger dataset for the performance
evaluation from the entry number PS00028 in PROSITE, and
the dataset is stored with 1839 sequences. For the execution
of the approximate query, we use the following parameters:
the query subsequence is <C-x(2,4)-C-x(3)-L-x(8)-H-x(3,5)H>, and the allowable error is the value of one. The query
pattern is a part of the Zinc Finger motif <C-x(2,4)-C-x(3)[LIVMFYWC]-x(8)-H-x(3,5)-H> and denotes a logical OR
junction of nine sub-query sequences, such as <C-x(2)-Cx(3)-L-x(8)-H-x(3)-H>,
<C-x(2)-C-x(3)-L-x(8)-H-x(4)-H>,
<C-x(2)-C-x(3)-L-x(8)-H-x(5)-H>, <C-x(3)-C-x(3)-L-x(8)-Hx(3)-H>, <C-x(3)-C-x(3)-L-x(8)-H-x(4)-H>, and so forth.
Table 1 shows the characteristics of the mismatch cluster
returned by the approximate query.

5.2

Experimental results

The former method including neither multiple alignments
nor reconciliation must be applied to each of nine mismatch
clusters constructed by the nine sub-queries. The nine
minimum generalized sets extracted from the nine mismatch
clusters using the former method are merged into one set. The
generalized patterns included in the merged set are ranked
with the support number. Table 2 shows the ranking of the
generalized patterns, and the top-10 patterns for the evaluation
are selected from the minimum generalized set.
Table 2: Support number ranking of generalized patterns
extracted by the former method
No

Generalized sequence pattern

Supp.
number

Rate

1

<C- x(2) -C- x(3) -[ACDFGHILMNRSTVWY]- x(8) -H- x(3) -H>

1535

43

2

<C- x(2) -C- x(3) -[ACDEFGHIKLMNPQRSTVWY]- x(8) -H- x(4)H>

573

40

3

<C- x(4) -C- x(3) -[CFGHILSTVY]- x(8) -H- x(3) -H>

442

60

4

<C- x(2) -C- x(3) - L - x(8) -H- x(5) -[ADEFGHIKLMNPQRSTY] >

203

35

5

<C- x(2) -C- x(3) -[ACEFGHILMSTVY]- x(8)- H- x(4) - H>

202

53

6

<C- x(4) -C- x(3) -[ACFGHLQSTVY] - x(8) -H- x(4) -H>

173

45

7

<[CDEFGHKLNPQSTVWY]- x(4) -C- x(3) - L - x(8) -H- x(3) –H >

167

37

156

66

151

57

71

42

8

<C- x(2) -C- x(3) -F- x(8) -[CHLQTY]- x(3) -H>

9

<C- x(2) -[CGRTVWY]- x(3) - L - x(8) -H- x(3) -H>

10

<[CDEFHIKLNPRTVY]- x(4) -C- x(3) - L - x(8) -H- x(4) -H>

Table 1: Characteristics of the mismatch cluster
Number
of
returned
subsequences that include
redundancy

Number of nonredundant
subsequences

Minimum
length

Maximum
length

14513

339

21

25

The proposed method extracts 111 generalized patterns as
the minimum generalized set from the mismatch cluster. Table
3 shows the ranking of the generalized patterns in the
minimum generalized set, and the top-10 patterns for the
evaluation are selected from the minimum generalized set.
Moreover, the rate of motifs included in the generalized
pattern <pat> is shown in both tables. The motif rate is
defined as the division number of motif instances subsumed in
the generalized pattern <pat> by |EVAL(<pat>)|.
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Table 3: Support number ranking of generalized
patterns extracted by the proposed method
Generalized sequence pattern

No

Supp.
number

Rate

1

<C- [x(2)| x(4)] -C- x(3) -[C|T|Y|F|L]- x(8) -H- x(3,5) -H>

1751

80

2

<C- x(2) -C- x(3) -[C|I|S|T|Y|H|A|G|M|V|F|L]- x(8) -H- x(3,5) -H>

1731

58

3

<C- [x(2)| x(4)] -C- x(3) -[C|S|T|Y|H|G|V|F|L]- x(8) -H- x(3,4) -H>

1690

55

4

<C- x(2,4) -C- x(3) -[S|T|Y|F]- x(8) -H- x(3,4) -H>

1684

50

5

<C- x(2,4) -C- x(3) -F- x(8) -H- x(3,5) -H>

1678

100

1667

50

6

<C- x(2) -C- x(3) -[C|I|R|N|S|D|T|Y|H|A|W|G|M|V|F|L]- x(8) -Hx(3,4) -H>

7

<C- [x(2)| x(4)] -C- x(3) -[C|I|S|T|Y|H|G|V|F|L]- x(8) -H- x(3) -H>

1612

60

8

<C- x(2,3) -C- x(3) -[S|T|Y|A|F]- x(8) -H- x(3,4) -H>

1609

60

9

<C- x(2,3) -C- x(3) -[S|F]- x(8) -H- x(3,5) -H>

1593

50

10

<C- x(2,4) -C- x(3) -[C|S|T|Y|F]- x(8) -H- x(3) -H>

1578

60

5.3

6

In this paper, we proposed a novel method to extract the
minimum generalized set from similar subsequences with
different lengths. The essential mechanisms of the method are
the progressive multiple alignment for these similar
subsequences and encoding to skillfully handle the former
method. A performance evaluation of the proposed method
indicated that it is more effective than the former method.
Further studies will focus on the improvement of the
proposed method to process a mismatch cluster returned by
an approximate query with the editing distance and to extract
more efficient patterns using a domain segmentation method
[6]
that is related to an amino acid substitution matrix.

7

For the top-10 patterns, the motif rate of the former
method resulted in the range of 35 to 66 percent, but the
proposed method resulted in a range of 50 to 100. Therefore,
it is clear that the proposed method is more useful than the
former method.
When we focus on the fifth generalized pattern <C- x(2,4)
-C- x(3) -F- x(8) -H- x(3,5) -H> with 100 percent of the motif
rate in Table 3, we find that the generalized pattern has nine
instances shown in Table 4. Moreover, the support number of
the seventh instance is the value of one in Table 4. Therefore,
the proposed method is a result of the effect of lower-ranking
motif instances to integrate higher-ranking motif patterns that
are generalized patterns.
Table 4: The support number of the instance for
the generalized pattern ranked in fifth
Instance of <C- x(2,4) -C- x(3) -F- x(8) -H- x(3,5) -H>

Support number

<C- x(2) -C- x(3) -F- x(8)-H- x(3) -H>

1515

<C- x(2) -C- x(3) -F- x(8)-H- x(4) -H>

541

<C- x(2) -C- x(3) -F- x(8)-H- x(5) -H>

176

<C- x(3) -C- x(3) -F- x(8)-H- x(3) -H>

39

<C- x(3) -C- x(3) -F- x(8)-H- x(4) -H>

28

<C- x(3)-C- x(3) -F- x(8)-H- x(5) -H>

1

<C- x(4) -C- x(3) -F- x(8)-H- x(3) -H>

437

<C- x(4) -C- x(3) -F- x(8)-H- x(4) -H>

162

<C- x(4) -C- x(3) -F- x(8)-H- x(5) -H>

23
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Abstract- RNA interference (RNAi) is a valuable
research tool in both biotechnology and medicine. RNAi
by degradation is one of the RNAi processes and is used
to prevent the translation of mRNA into proteins. Despite
its importance, few efforts have been made to develop
algorithms and computational tools to detect genes
controlled by RNAi process. This paper introduces a fast
algorithm that uses the hashing technique to detect such
genes in a linear time. The proposed algorithm requires
relatively small memory space comparable to other
known algorithms. The implementation of the fast
algorithm by an ordinary laptop on the genome data of
the nematode worm, C.elegans, gives the following
reductions: 1) the running time from 4 hours to about 2.8
min, and 2) the required memory from 12 GB to less than
1 GB. It also gives good results when implementing on
the genome data of Drosophila.melanogaster.
Keywords: Bioinformatics Algorithms, RNAi by
degradation, Hashing Algorithms, Voting Algorithms,
TRIP problem.

1

Introduction

The RNA interference (RNAi) is a system in living
cells that helps to control the active genes and how active
they are. RNAi shows that introducing double stranded
RNA (dsRNA) molecules can interfere with specific
messenger RNA (mRNA) molecules that carry the
template for protein synthesis; and thus, block the
expression of the corresponding gene [1].
This phenomenon was first discovered in 1998 by
Fire and his colleagues in C.elegans [1]. In 2002, the
Science journal awarded these molecules as the
„Molecule of the Year‟ [2]. Later in 2006, Fire and Mello
shared the Nobel Prize in Physiology or Medicine for
their discovery of RNAi in the nematode worm, C.
elegans.

RNAi is a valuable research tool in biotechnology and
medicine. It is adopted as a technique in laboratories to
study pathways and determine gene functions in various
species. Some studies show that RNAi could be adopted
as a therapy to treat diseases like cancers and genetic
disorders in which the mutant gene responsible for the
initiation and progression of such disorders is targeted
and suppressed [3].
In spite of the great importance of RNAi in
biotechnology and medicine, little efforts have been made
to develop algorithms and computational tools to detect
the genes controlled by the RNAi process. Some of these
efforts were made by Horesh et al. [4] and by Balla and
Rajasekaran [5] who developed three algorithms to detect
genes controlled by the RNAi process.
In the present study, we introduce a new and fast
algorithm to detect such genes in linear time.

2

Biological Background

RNA interference (or RNAi) is a class of biological
processes that use short single-strand RNAs (approx. 2025 nucleotides long) to recognize complementary nucleic
acids and modify their action and/or processing [6]. RNAi
is used to prevent the translation of certain mRNA
molecule to proteins.
One of the most known RNAi processes is called
RNAi by degradation [7]. We can summarize the process
of RNAi by degradation in the following steps:
 Introduce of double-stranded RNA (dsRNA) molecules
into the cell.
 The dsRNAs are cut into small fragments of 21-23
nucleotides long called small-interfering RNA (siRNA)
by an enzyme present in the cell called Dicer.
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FIG.1 RNAi by Degradation Process (According to [5])

 These siRNAs associate themselves to RNA Induced
Silencing Complex (RISC) and eventually become
single stranded.
 The RISC identifies a substring of the target mRNA
that is antisense to one of the two strands of the siRNA
attached to this RISC, bends to the mRNA and cleaves
it into two.
 The cell identifies the split mRNA as unwanted
material and destroys it.
 This knockdown of mRNA prevents it from producing
amino acid sequences that are responsible for
synthesizing the protein.
This RNAi by degradation process requires exact
matching between the siRNA strand and the substring of
the target mRNA.
Another well-known RNAi process is called RNAi by
inhibition. It uses other small dsRNA molecules called
micro-RNA, which are similar to siRNA in many (but not
all) properties. RNAi by inhibition does not require
perfect matching between micro-RNA molecules and the
substring of the target gene [7]. However, it is important
to know that there are some differences among the
pathways leading to the formation as well as the activities
of siRNAs and micro-RNAs. For more details about
different RNAi processes, please refer to [7].
The steps of the RNAi by degradation are illustrated
in Fig.1.

3

Problem Specification and
Formulization

From the above discussion; in order to use the RNAi
by degradation technique, one has to detect all
endogenous dsRNA control elements and their
corresponding subsequences in the target gene.
Thus, we can specify the problem as identifying triple
sequences in a given genome sequence. Two of them, that
form the dsRNA, should be of 20-25 nucleotides each,
reversely complement to each other, and occur within a
small distance along the genome sequence. The third
sequence, which is a part of the target gene, must be
either one of the above two sequences and lays anywhere
in the genome. More specifically, the problem which is
called The Triple Repeat Identification Problem (TRIP) is
stated as follows [5]:
The Triple Repeat Identification Problem (TRIP):
Input:
The genome sequence S and two integers l and d.
Output:
All triples (L1, L2, L3) satisfying that L1 is an l-mer of
S (i.e., a substring of length l of S), L2 is the reverse
complement of L1 and occurs within a distance d of L1
in S, L3 = L1 or L3 = L2 and occurs anywhere in S.
We can mathematically reformulate this problem as
follows:
𝑠𝑖

We define the genome sequence to be a sequence 𝑆 =
𝑛
𝑖=1 where si = {A, C, G, T}; ∀𝑖 = 1 … 𝑛. An l-mer of S
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is a subsequence of S of length l. i.e. X is called an l-mer
of S if 𝑋 = {𝑠𝑖𝑗 }𝑙𝑗 =1 and 𝑖𝑗 +1 = 𝑖𝑗 + 1, ∀𝑗 = 1 … 𝑙 − 1
and we denote by 𝑋 𝑟𝑐 the reverse complement of X, i.e.
𝑋 𝑟𝑐 = {𝑠𝑖𝑐𝑙−𝑗 +1 }𝑙𝑗 =1 where 𝑠𝑖𝑐 = 𝐴 if 𝑠𝑖 = 𝑇, 𝑠𝑖𝑐 = 𝐶 if
𝑠𝑖 = 𝐺 and vice versa.
Let 𝑋 = {𝑠𝑖𝑗 }𝑙𝑗 =1 and 𝑌 = {𝑠𝑘 𝑗 }𝑙𝑗 =1 be two l-mers of S, we
define the distance between X and Y in S as follows
𝑘1 − 𝑖𝑙 𝑖𝑓 𝑘1 > 𝑖𝑙
𝐷𝑆 (𝑋, 𝑌) 𝑖1 − 𝑘𝑙 𝑖𝑓 𝑖1 > 𝑘𝑙
0

𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒

These two algorithms are based on a simple array data
structure and the radix sorting technique to identify the
desired triple repeats in a given genome sequence. The
radix sort technique can sort a set of elements with
respect to w bits at a time starting from the least
significant bits, where w is the word length of the
computer. Thus, the set of all l-mers of the genome can
be sorted in (2 l) / w phases.
The algorithm, CaTScan1, constructs a collection C
which contains 2 tuples of the form (p, o, v) for each lmer in the genome sequence to represent this l-mer and
its reverse complement, where p is the position of the lmer, o is its orientation (forward or reverse complement)
and v is its integer value. Then it sorts the elements of C
with respect to the values of v using the radix sort, and
hence identifies the desired triplets.

Then the problem can be mathematically stated as:
Given 𝑙, 𝑑 ∈ ℕ and a genome sequence S. Find the set
of all triples of l-mers (𝐿1 , 𝐿2 , 𝐿3 ) such that 𝐿2 = 𝐿𝑟𝑐
1 , DS
(L1, L2) ≤ d and 𝐿3 = 𝐿1 or 𝐿3 = 𝐿2 .

4

Literature Survey

In this section, we will discuss briefly some of the
computational efforts previously done to detect genes
controlled by either RNAi by degradation or RNAi by
inhibition techniques.

4.1 RNAi by Degradation Algorithms
There is a few numbers of algorithms that deal with
this technique of RNAi. Two main approaches were used
to solve this problem computationally. The first one is by
using the suffix tree data structure, and the other is by
using the sorting techniques.
In 2003, Horesh et al. [4] introduced an algorithm
based on the suffix tree data structure to detect the genes
under RNAi control by degradation. The use of the suffix
tree data structure ensures that the tree can be built and
searched in a linear time [8].
The algorithm builds a suffix tree for the sequence
consisting of the genome sequence S concatenated to its
reverse complement Src, and then performs a pre and a
post-order traversals on the tree to calculate the lengths of
possible substrings of this sequence and the number of
occurrence of each of them; so it can identify the
occurrence of substrings of length at least 20 nucleotides
that satisfy the conditions of being a triple repeat. Finally,
it eliminates any redundant information produced.
The other approach suggested to detect such genes
controlled by RNAi by degradation was introduced by
Balla and Rajasekaran [5]. They developed two
algorithms, CaTScan1 and CaTScan2 (Control and
Target Scan), which are space and time efficient in
practice than the suffix tree based algorithm.

This algorithm is a fast one, but uses a large size of
memory space, so, its authors introduce another
algorithm, CaTScan2, to reduce this memory
requirement, but unfortunately, it is slower.
The CaTScan2 algorithm constructs an array of linked
lists A[1 .. 4k]; 1 ≤ k ≤ l such that two l-mers will be in
the same list if their first k symbols are the same. Then,
recursively sort each of the 4k lists using the next k
symbols.
There are other algorithms introduced to deal with
other problems of the RNAi by degradation procedure,
such as to measure the stability and functionality of
siRNA [9], and an algorithm to design siRNA that targets
specific mRNA and causes the degradation of such
mRNA [10].

4.2 RNAi by Inhibition Algorithms
Many efforts were devoted to discuss and develop
computational tools for the RNAi by inhibition process,
i.e. detecting genes controlled by the micro-RNA. These
efforts were really more than those done on the RNAi by
degradation process. For example; Grad et al.[11]
developed some informatics methods to predict microRNAs in the C.elegans genome using sequence
conservation and structural similarity to known microRNAs. On the other hand; Yousef et al. [12] suggested
using the machine learning technique to predict microRNA genes. This approach can be applied for several
species.
Beside these previous methods, some computational
tools for micro-RNA target predicting were also
developed for different species such as miRanda [13] for
human, PicTar [14] for C.elegans and TargetScan [15]
for human and mammals.
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5

The New Proposed Algorithm

This paper introduces a fast algorithm to detect all
genes controlled by the RNAi by degradation process.
This algorithm uses another approach to solve the TRIP
problem rather than the suffix tree approach [4] and the
ordering approach [5] which were discussed in the
previous section. This new approach is the hashing or
voting approach. The main advantage of using this
technique is its fast performance in the insertion, deletion
and searching operations (theoretically, in constant time).
This approach was previously used to solve other motif
finding problems [16] and [17].
Another point to view is that the previous algorithms
introduced in [4] and [5] had to store information about
all l-mers and their reverse complements in the genome
sequence, in order to get the desired triples of the TRIP
problem. This, of course, consumes a lot of memory
space to store them, and makes it impossible for them to
deal with large genome sequences like the human
genome. The fast algorithm, introduced here, tries to
overcome this problem by only storing the values of the lmers and then calculating the corresponding values of
their reverse complements in a fast (nearly constant) time.

5.1 The Hashing Technique
Hashing is a data structure used to store data records
in an array called hash table in which the searching,
insertion and deletion operations can be done in a
constant time. This fast performance is due to the use of a
hash function to compute the index of a data record
within the array rather than searching for its correct index
by comparisons. If the hashing function is a one-to-one
mapping from each data record to integers in [1.. hashtable-length], then it is called a perfect hashing function.
But if it maps a number of data records to the same
integer then it is called hash collision. There are two
strategies to handle a hash collision:
1) Separate Chaining Collision handling.
2) Open Addressing Collision handling.
In the first strategy; each slot of the hash table is a
pointer to a linked list that contains all records hashed to
the same index in the hash table. This requires scanning
the list to search for or delete a certain element.
The other strategy, the open addressing, stores all data
records in the hash table itself. The insertion operation in
this strategy can be mathematically formulated as
follows:
A hash table h is a collection of pairs (key, value)
where key ϵ ℕ, value could be of any form and let hl be
the size of h, and f be a hash function. The hash table h is
constructed as follows:
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 h[i] = ∅, where 𝑖 = 1 … 𝑙
 Let 𝑓 𝑘𝑒𝑦𝑖 = 𝑘
o if  𝑘 = ∅ then  𝑘 = (𝑘𝑒𝑦𝑖 , 𝑣𝑎𝑙𝑢𝑒𝑖 )
o if  𝑘 ≠ ∅ then put 𝑘 = 𝑘 + 𝑝 and retest, where
p = 1 in linear probing
p = i2 in quadratic probing, i = 1,2,3…
p = 𝑔(𝑘𝑒𝑦𝑖 ) in double hashing where g is another
hash function.
When searching or deleting an element, the hash table
is scanned in almost the same manner, until either the
target element is found, or an unused slot is found, which
indicates that there is no such element in the table.
The performance of the open addressing collision
handling depends strongly on how full is the table. This is
called the table's load factor which is the ratio
between the number of stored items and the size of the
hash table. The average scanning cost is nearly constant
as the load factor is between 0 and 0.7. Beyond that point,
the probability of collisions and then the time of handling
them increase [18].
In the proposed algorithm, we use the open addressing
collision handling strategy with double hashing probe,
using maximum load factor of 0.66. The hash functions
used for this are 𝑓 𝑘𝑒𝑦 = 𝑘𝑒𝑦 mod 𝑙 as the main hash
function and 𝑔 𝑘𝑒𝑦 = 23 − 𝑘𝑒𝑦 mod 23 as the
double hash function.

5.2 The fast calculations
Firstly, we suggest representing every l-mer in the
genome sequence by a 2l-bit binary value. This is done
using the following map:
M : {A, C, G, T}

 {0,1}2

where A  00, C  01, G  10 and T  11. This map
reflects the biological fact that in any genome sequence A
and T are complement to each other, and the same for C
and G.
The calculations become faster by using the above
map and the bit-wise operations on numbers such as
converting a number to binary format (0x), left-shift (<<),
right-shift (>>), negation (~), bit-wise and (&), and bitwise or (|) operations. The value, val, of the l-mer starting
at position index of S can be calculated in a constant time;
given the value, prev, of the l-mer starting at position
index -1of S, using the following function:
function calVal (index, l, prev) : int
begin
if (index == 1)
val= 0;
for i=1 to l do
val<<=2;
val += M(S[i]);
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else
val = prev;
val −= M (S[index - 1]) * 4l-1; val<<=2;
val += M (S[index + l]);
return val;
end
Also, if the value, val, of any l-mer in S is given, then
its reverse complement value, rcVal, can also be
calculated in almost constant time using the following
functions:
function reverseCompVal (val) : int
begin
rVal = ~ val;
rcVal = 0;
while (l > 0)
rcVal = (rcVal<<2) | (rVal & 0x3);
rVal>>=2;
l = l - 1;
return rcVal;
end
This function takes O(l) time, but since l is 21..23 and
it is always constant for each program execution, thus the
algorithm can be considered to run in a constant time.

5.3 The Algorithm Description
The steps of the fast algorithm are summarized as
follows:
procedure FastAlgorithm (S, l, d)
begin
R : hash table of (val : int, rept : boolean);
preprocessing (S, R, l);
V : array of int;
getRepeatedValues (R, V);
P: hash table of (val: int, pos: array of int);
calculateRepeats (S, V, l, P);
analysisRepeats (P, d);
end
1. The preprocessing step determines which l-mers of S
are repeated and which are not repeated by calculating
their values and inserting these values into a hash
table R.
procedure preprocessing (S, R, l)
begin
for i=1 to R.size R[i] = null;
v= 0;
for k=1 to S.size
v = calVal (k, l, v);
if locate (R, v) = -1 // i.e. if 𝑣 ∉ 𝑅
insert (R,(v, false));
else
assign (R, (v, true));
end

Let n be the size of the genome sequence S. The
preprocessing procedure takes O(n) time, since the value
of each l-mer is calculated in a constant time and is
inserted into the hash table R also in a constant time. The
size of R is declared to be 3n/2, so that the load factor
remains 0.66. Each slot of R holds a 64-bit integer for the
l-mer value and a 1-bit boolean flag indicating whither
this l-mer is repeated or not. Thus, R uses total memory
space of about 12n bytes.
2. The getRepeatedValues step scans R to construct an
array V of integers containing the value of each
repeated l-mer whose reverse complement exists at
least once in S and then deletes R.
procedure getRepeatedValues (R, V)
begin
k=0;
for i=1 to R.size
rc = reverseCompVal (R[i].val);
j= locate (R, rc);
if R[i].rept= true and R[j] != null
V[k] = R[i].val;
k = k+1;
delete (R);
end
This step takes O(n) time, since the size of the R is
3n/2 and all the operations takes constant times. The size
of the array V is O(n) in the worst case.
3. The calculateRepeats step scans the S for another
time to get the occurrence positions of only the l-mers
whose values are in V, and insert these positions in
another hash table P and lastly delete V.
procedure calculateRepeats (S, V, l, P)
begin
for i=1 to P.size P[i] = null;
for j=1 to V.size
insert (P, (v[j], null));
delete (V);
v = 0;
for k=1 to S.size
v = calVal (k, l, v);
x = locate (P, v);
if x != -1
// i.e. if 𝑣 ∈ 𝑃
assign (P, (v, P[x].pos ∪{k}));
return P;
end
The above procedure also takes O(n) time since the
size of V is at most O(n). Like R, the size of the hash
table P is 3n/2, but each slot of P holds a 64-bit integer
for the l-mer value and an array of 32-bit integers for the
list of its occurrence positions. Note that the total number
of positions is O(n). Then P uses 8*(3n/2) + 4*n = 16n
bytes memory space. Also note that this space will
overwrite the space taken by R and V.
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Table1 shows the results obtained from implementing
the fast algorithm on both genomes of C.elegans and
Drosophila.melanogaster on different inputs

From the construction of P, the two lists l1 and l2 have
contain positions in an ordered way. Thus, the
getSuitableTriples procedure can get the triples from l1
and l2 with max distance d in the same manner as the
merging procedure, i.e. in O(l1 + l2) time.

16000
14000
12000
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8000
6000
4000
2000
0
Suffix Tree CaTScan1 CaTScan2

From this discussion, we conclude that the fast
algorithm takes O(n) running time, using only 16n = O(n)
memory space.

FIG.2: Running time comparison between TRIP algorithms

Memory Requirement (GB)

This results show a significant improving in both
running time and memory space requirement comparing
with those needed by CaTScan1 algorithm which has
running time of O(n l / w) and memory space requirement
of O(nl) and CaTScan2 algorithm whose running time is
O(4k + n(l−k)) and requires a memory space of 8n + cl(1
+ε)2n/4k with high probability for any fixed ε > 0 as
mentioned in [5].

5.4 The Experimental Results
The above algorithm was implemented as a Java
program and tested on the complete mRNA data for the
C.elegans1 and Drosophila.melanogaster 2. The program
was run on a Compaq Laptop with 1.5 RAM and an Intel
Celeron M 1.73 Ghz CPU with Windows Vista operating
system. Running the program on the C.elegans genome
data with the input parameters l = 21 and d =1000 shows
that it takes about 168 seconds using about 930 MB of
memory space.
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Fast
Algorithm

Table1: Results of Fast Algorithm (where d=1000)

C.elegans
Time
(sec)

No. of
Triples

20

166

21

21

168

17

22

167

12

23

169

10

24

166

10

25

168

6

l

1

From ftp://hgdownload.cse.ucsc.edu/goldenPath/dm1/
bigZips/mrna.fa.gz
2
From ftp://ftp.sanger.ac.uk/pub/databases/wormpep/
wormpep.dna

CaTScan2

FIG.3: Memory comparison between the TRIP algorithms

D.melanogaster
Memory used Between 920 and 1000 MB

These results achieve a considerable speedup of time
and reduction of memory requirement when comparing to
those obtained from the other algorithms on the same
input. The suffix tree algorithm took 4 hours time on a
single processor, using a memory space of 12 GB as
reported in [4], while running the CaTScan1 and
CaTScan2 algorithms on a single processor took about
8.25 minutes using 2.5 GB of memory space, and 11
minutes using 1 GB of memory space respectively [5].
These achievements are illustrated in Fig 2 and Fig 3 to

Fast
Algorithm

Time
(sec.)

No. of
Triples

308

295

308

202

307

174

312

130

314

114

314

95

Memory used Between 950 and 1060 MB

procedure analysisRepeats (P, d)
begin
for i=1 to P.size
l1 =P[i].pos;
index = reverseCompVal (P[i].val);
l2 =P[index].pos;
print (getSuitableTriples(l1 ,l2, d));
end

show the improving of running time and memory
requirement respectively.

Running Time (sec)

4. The analysisRepeats step retrieves the desired triples
of the TRIP problem from P and hence detect the
genes controlled by the RNAi by degradation process
and ignore any redundant triples.
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6

Conclusion

Although the great importance of RNAi by
degradation process, few algorithms were developed to
predict genes controlled by this process. In this study, a
new algorithm is introduced to predict such genes, and it
achieves the following benefits in both theoretical
analysis and experimental results:
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Abstract— Post-genomic research deals with challenging
problems in screening genomes of organisms for particular functions or potential for being the targets of genetic
engineering for desirable biological features. ‘Phenotyping’
of wild type and mutants is a time-consuming and costly
effort by many individuals. This article is a preliminary
progress report in research on large-scale automation of
phenotyping steps (imaging, informatics and data analysis)
needed to study plant gene-proteins networks that influence
growth and development of plants. Our results undermine the
significance of phenotypic traits that are implicit in patterns
of dynamics in plant root response to sudden changes of its
environmental conditions, such as sudden re-orientation of
the root tip against the gravity vector. Including dynamic
features besides the common morphological ones has paid
off in design of robust and accurate machine learning
methods to automate a typical phenotyping scenario, i.e. to
distinguish the wild type from the mutants.

1. Introduction

proteins in life processes. Analysis of Quantitative Traits
Loci (QTL) refers to a systematic method for discovery of
genes and their functions in systems biology. The major
bottleneck in QTL progress appears to be in the more general
and challenging question of how to quantify phenotypic
traits, such as morphology and dynamics of its variation.
QTL and other gene function discovery methods rely on
quantification of phenotypic traits that could be observed and
used in a systematic way to distinguish between organisms
with differing DNA sequences or epigenetic signatures. To
extract phenotypic traits that distinguish genotypic characteristics, biologists make repeated observations of the wild
type and the mutants of the same species during growth,
behavior or in the course of response to external stimuli.
In the following, we illustrate and outline the steps for
identifying and quantifying phenotypic traits of seedling of
the model plant Arabidopsis Thaliana subject to changes
in gravitational force relative to its natural root orientation
during a normal course of growth. It will be demonstrated
that the selected quantitative traits are together sufficiently
informative to carry genomic signatures that are at work
differently in the wild type and mutant plants.

Systems biology has rapidly advanced to offer a number of powerful methods for discovery of networks of
genes/proteins and collective functions of families of genes/

2. Background and Biological Significance
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Plant roots vary a great deal in morphology, size and complexity of their architecture. The model plant Arabidopsis
Thaliana has a root system that is exemplary in both prevalence of its morphological pattern and its relative simplicity.
There are several visible morphological features of this root
system. The primary root is the main branch that starts its life
immediately after germination. Besides being a significant
method for simplifying morphological measurement, midline
extraction serves as an example of high-dimensional data
transformation that achieves dimensionality reduction with
some loss of information beyond noise, namely, ignoring
the signal-parameters underlying phenotypic variation such

Keywords: gravitropism, machine learning, phenotypic traits
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as morphology of the root due to image texture or image
structures such as shadows of root hair. In higher resolution
images, the interpretation will change, and root hairs could
also be part of the features whose morphological diversity
and variation in growth dynamics become essential biological quantities to be studied that are related to specific gene
functions, pathways or gene-protein network dynamics. In
this article we provide details of a set of algorithms for
extraction of root and hair growth information.
Tropism refers to the directed growth responses of plants
to external stimuli such as gravity, water, light, and temperature. Beginning with the pioneering work of Darwin,
the study of tropism has grown to a major area of research
in plant biology in the course of its century-long history.
Darwin observed that grass seedlings grown in dark tend
toward a light source when illuminated from one side. Plant
roots show a similar response to gravity. When a seed
germinates, the roots penetrate the soil and grow downward.
However, if a root is reoriented by 90◦ with respect to the
gravitational field, the root responds by altering its direction
of growth, curving until it is again vertical. Sachs was the
first one to propose a quantitative measure for gravitropism
[32], namely, the gravitropic response was proportional to
the component of the gravity vector perpendicular to the root
axis. Early studies, using maize roots, demonstrated distinct
regions along the root axis with different physiological
response patterns. Despite this long and illustrious research
history, the molecular mechanisms involved in sensing the
gravitational signal and its transduction still need to be
studied. Other tropic responses are sources of gaining information about the physiological and molecular processes that
influence the tropic response, e.g. the plant hormone auxin
has been implicated in tropic responses through extensive
research by a broad group of scientists ([33], [6], [26]).
Auxin is involved in asymmetric tropic growth, vascular
development and root formation, as well as in a plethora
of other processes. The approaches by which auxin has
been implicated in tropisms include isolation of mutants
altered in auxin transport or response with altered gravitropic
or phototropic response, identification of auxin gradients
with radiolabeled auxin and auxin-inducible gene reporter
systems, and by use of inhibitors of auxin transport that
block gravitropism and phototropism. Proteins that transport
auxin have been identified and the mechanisms which determine auxin transport polarity have been explored. The
mechanisms of auxin action in the gravitropic response and
phototropism have recently been revealed by the analysis
of mutants that are defective in the response to the gravity
signal, or have a characteristic response to blue and other
spectral bands of light. Gravitational stimulus induces curvature of the primary root of Arabidopsis Thaliana. It is
known that the patterns of root curvature reveal quantitative
traits that are associated to a number of genes and proteins
that play vital roles in growth and development of the plant.

3. Instrumentation and Methods
The application described below gives an outline of
machine-learning methods that distinguish mutant from wild
type seedling plants in gravitropism experiments. We note
that these applications could be adapted for other experimental protocols in plant biology that attempt to quantify
subtle phenotypic traits in order to decipher functions of
genes-proteins.

3.1 Automation and High Throughput Imaging
We have designed and engineered a complete system,
specifically focusing on high throughput plant imaging. This
hardware-software product is a novel “Portable Modular
System for Automated Image Acquisition” in the lab and for
certain field experiments. Our model system is described in
[4]. The algorithms below are part of “The Image Analyzer”
component of our system. It is an object-oriented software
application that can be modified to accommodate essentially
any reasonable analysis scenario. The Image Analyzer package is developed in Linux, and it is ready for experimental
protocols by the biologist, see [11]. This platform can
provide high throughput results in a range of resolutions,
and accommodates highly flexible experimental protocols.
This article demonstrates the feasibility of using our system
towards fully automated high throughput phenotyping in
functional genomics and systems biology (Figure 1).

Figure 1: [A] Top view of the experimental fully automated
imaging device engineered in collaboration with PBC Linear Co.
[B,C] Parts of a high resolution image of growth of lateral roots
and extraction of morphological through the algorithms developed
by the authors. [D] The midlines of primary root images frames
(please see below) could be metaphorically positioned on top of
each other to visualize the dynamics of growth in gravitropism as
the geometry of the surface. We have developed algorithms for
extraction of midlines of root hair and dynamics of growth as the
next step in capturing phenotypic variation.

3.2 Automated Preprocessing
In earlier contributions by the senior author and Liya
Wang ([43], [44]) image analysis and midline extraction
were only partially automated and required “preprocessing
tasks” prior to application of the software. Preprocessing
steps are highly data-dependent image processing steps. In
this article, we report successful automation of the preprocessing, and a novel collection of algorithms that are also
amenable to generalization beyond the plant roots, as well
as parallelization. The preprocessing methods are adapted
from earlier seminal research by Osher et al ([31], [17],
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called the Total Variation regularization (TV) method. We
remark that comparable approaches have been also treated
in literature using Bounded Variation (BV). As expected,
direct application of one set of programs to another typically
shows varying degrees of success. Therefore, it is anticipated
that generalization of the automation preprocessing would
depend on the setting for image acquisition and would vary
in degrees of successful analysis in plant growth dynamics
of various kinds. The hardware and automation offered
by CyPlant Solutions Inc. have a standardized setting that
removes a series of technical issues in order to ensure the
quality of data for the same genre of mathematical treatment
as in our algorithms and software. Our work in progress will
provide a critical examination of a number of algorithms and
methods in literature, and in appropriate cases, redesigns the
needed image preprocessing algorithms from scratch to be
optimal for the tasks, such as those in CyPlant Solutions
standardized technologies.
We next present the outline of the algorithm. Let the image
for one gray-scale frame be represented by
f : J → R.
The basic idea is as follows: the typical image f : J → R is
written as an outcome of an unknown convolution kernel K
with compact support (e.g. a discrete Gaussian), applied to
the original image ϕ (or a desirable model that in our case
must be suitable for segmentation and midline recovery of
the branched structures, cf. [44]), and an additive noise ν,
that we propose to model as a Gaussian white noise, such
that
f = K ∗ ϕ + ν.
The automation algorithm selects the kernel and a suitable
model for noise (that we must confront in practical applications), which will be derived from the High Throughput
Imaging System outputs in lieu of the simplifying assumption above. We will begin with the constrained minimization
problem with appropriate norms, without further mention of
simplicity.
For a class of images obtained by our method, the higher
resolution allowed us to select a delta function, and use
the simpler form. However, in the case of animal behavior,
blurring occurs due to movement of the animal or temporal
loss of the automated focus. In the case of plants, blurring
occurs due to accumulation of moisture on inside surfaces
of the Petri dish covers. This means that we must use the
general form below:


1
ϕ = argmin F (φ) := kK ∗ φ − f k2L2 + c1 kφkBV .
2
φ
Here, c1 is a scaling constant that is the trade-off between
noise and the desired image quality, such as having sharp
edges in images of root systems, and arg-min is over all
images φ, where ϕ is the desired form of the image suitable

for algorithms of [44], [30], [41], [9] (for an iterative regularization to recover finer scales). An intermediate problem that
we solved numerically was the parallel implementation of
methods based on the following idea that is adapted from a
simplified mathematical result by Chan-Wong-Kaveh-Osher
et al. that amounts to a constrained optimization problem
with F as a function of joint variables (φ, K):

1
(ϕ, κ) = argmin F (φ, K) := kK ∗ φ − f k2L2
2
φ,K

+ c1 kφkBV + c2 kKkBV .
When we view F as a one-variable functional depending
only on K or only φ, by fixing the other one, then F
is convex, while F (φ, K) fails to be jointly convex. To
overcome this difficulty, we followed [30] and instead numerically solved the two Euler-Lagrange equations, where
the L2 -conjugates are denoted by the “hat”:
∇φ
= 0,
|∇φ|
∇φ
FK (φ, K) = φ̂ ∗ (φ ∗ K − f ) − c2 ∇
= 0.
|∇φ|
Fφ (φ, K) = K̂ ∗ (K ∗ φ − f ) − c1 ∇

Fixing K first, we solve for φ from the first equation and
then switch the roles of K and φ and exchange the two
equations. For a class of images according to our protocol,
the higher resolution allows one to select an iterative scheme
that mimics convergence to the appropriate delta function,
which in turn allows one to use the simpler form mentioned
above. However, in the case of movement of the entire
root by sliding on the agar surface, blurring sometimes
occurs; this could also be a result of temporal loss of the
automated focus. As mentioned before, in the case of plants,
blurring mostly occurs due to accumulation of moisture on
inside surfaces of the Petri dish covers. In our companion
article [37], and in our 2008 WorldComp article [43], and
subsequent developments [17], [18], [38], we have developed
a set of new algorithms and their object-oriented C-code
for massively parallel-distributed hardware. This part of
research was done in collaboration with nVIDIA and SUN
Network.com.

3.3 Classification through Machine Learning
Having quantified morphological features from the data
set of movies, we continue to discover candidates to serve
as phenotypic traits that carry the plant genotypic signature
that account for distinguishing between the wild type and the
mutants. A number of these features depend on computation
of the midline of root images as argued in [43]. The algorithm for midline tracing in the present work is different from
the main algorithm in [43]. In fact, the second generation of
midline tracing algorithms used in the present article is more
robust, more accurate and much faster [37]. We computed
midlines from different regions of a root image as follows.
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Gravitropism results in anisotropic expansion of cell walls
and an uneven change in the distribution of cells in the
epidermis of the root in such a way that the root growth
tends to generate the observed bending with respect to its
growth in the original vertical direction [8]. The part of root
before the bending region is referred to as the horizontal
region. The bending region itself is called the hook region
and finally, the part of the root after the hook region is
called the vertical region. Lengths of these regions are
calculated using the midline in these regions, and it serves
as a feature. Besides the length associated to the abovementioned regions, the curve made by the midline carries the
information about the root curvature during its gravitropic
growth. Further considerations (omitted here) indicate that
the number of segments account for the changes in the
growth direction which could potentially be a significant
representative feature. The greatest change in the growth
direction in the hook region is called the hook angle. In
addition to the geometric features of the midline of the
primary root growth, we also developed algorithms to extract
growth information regarding the root hairs. Discussion of
the biological significance and the algorithms for root hair
growth information are available in [14], [13]. Let us only
mention that the number of root hairs for each region of
the root is also a feature that we added to the list of
morphological features for the classification purposes. Using
the root hair information, we formulate additional morphological features which we call dynamic features because they
correspond to the growth velocity and growth acceleration
of the primary root and the root hairs. Figure 2 shows these
extracted features.

Figure 2: Midpoints of a sample hook region. To avoid ambiguity
of the image in hair areas, we just indicate the start and the end
points of the hairs. For the hook region the midpoints are also
shown.
All of the following features highlighted in the figure are
considered as representative features of the growth images:
•
•
•

length of the vertical region,
length of the horizontal region,
length of the hook region,

•
•
•
•
•
•
•
•
•

the number of segments,
the hook angle,
the average root hair length,
the number of root hairs,
the root growth velocity,
root growth acceleration,
hair growth velocity,
hair growth acceleration, and
hair density.

From a human observer’s standpoint, the slow rate of
growth of the root morphological features results in “invisible phenotypic traits” that belong to the complex dynamical
system underlying the development and growth. In [13]
we have developed the preliminary steps towards the indepth study of plant development within the framework of
complex dynamical systems. For comprehensive details of
these algorithms readers are referred to visit our website for
[37], [13], [16], [12], [5] and [15].
To recap, we have used image analysis algorithms and
mathematical modeling of dynamics of morphological features in order to isolate a number of quantitative morphological and dynamical features, and using these features,
every movie from the growth process is assigned a representation by the appropriate vector, as described earlier.
The final step towards discovery of quantitative phenotypic
traits requires machine learning for classifying the abovementioned features, and to train the machine through a set
of so-called ‘training samples’ or ‘examples’ in order to
extract the appropriate weighted combination of features
that could carry genotypic signatures of the mutation (here,
mdr1, which is one of the members of the mdr gene family,
is knocked to provide the mutant). The machine learning
method of choice here comes from the branch of statistical
learning theory, called support vector machine (SVM), see
[40], [39]. The flexibility of the SVM theory has proved
advantageous here, because we tailored to our needs an
RBF-based SVM, where RBF refers to the "Radial Basis
Functions" as our choice for the SVM kernel function.
We applied the RBF-SVM method to 281 seedling growth
movies (161 mutant mdr1 and 120 wild type seedlings)
where 12 features captured them as described before. We
used the MATLAB-SVM classifier [21] and calculated the
precision of our classification outcome. Table 1 shows the
results for each class of movies.
Magnitude of random
selected training data set

Precision

Class 0 (Mutant)

60

98.8

Class 1 (Wild Type)

45

86.4

Table 1: This table shows the result of applying the SVM method
on the data set, where the radial basis function was used as the
kernel function. Precision of the results shows efficiency of using
the defined features for capturing different classes of genotypic
attitudes.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

The precision was computed via the standard error formula
true positive
.
true positive + false positive
Since twelve features were employed we could not show
a full 12-dimensional figure of the classes. Instead, the projection of the movies on the two coordinates corresponding
to the features “Number of segments” and “Average hair
growth acceleration” is shown in Figure 3.

Figure 3: Projection of the examined movies on two features,
“number of segments” and “average hair growth acceleration”.
Points are colored based on class ID; black color is Class 0 and
shades of gray are Class 1.

4. Discussion and Related Research
Among higher plants, the model organism Arabidopsis Thaliana has been studied in detail. As its genome
is sequenced and better understood than other similar
plants, there are many opportunities for investigation of
the genotype-phenotype mapping. The development of the
Arabidopsis root system is a centerpiece in plant biology.
Due to the wide availability of a large amount of literature
on root development, the Arabidopsis root system continues
to serve as an excellent model organ to investigate systems
biology of higher plants. The functional landscape of geneprotein network dynamics is believed to be responsible for
the regulation of growth and development of roots. Multiscale mathematical modeling of root growth provides a
critical element for a systematic study of the mechanisms
of regulatory transcription networks that operate on different
scales, specific interactions of numerous proteins and tightly
intertwined protein interaction networks. Gene expression

studies need to be performed at temporal and spatial resolutions (minutes and micrometers) that are relevant to the dynamics of gene and phenotype crosstalk. Historically, tropic
growth responses have been at the center of such activities.
Tropic responses allow plants to redirect their growth in
response to their surrounding environment. The temporal
dynamics of root growth is relatively accurately measured
by following the displacement of features at extremities,
such as the tips of roots and root hairs. It is necessary
to obtain velocity profiles of neighboring elements as they
are moved by expansion [19], [36]. Velocity profiles can
be obtained by imaging a growing organ over time which
provides measures of the position of the externally applied
marks, thus computing velocity as a function of position
[23].
The mathematical analysis of image sequences goes back
to numerous early investigators, e.g. [20], [22], and algorithmic methods substitute for laborious and often subjective manual measurements ([25], [7], [34], [42]). Several
improvements were made by developing algorithms that
measure the spatial growth profiles using image-processing
techniques that could also utilize cell borders, intercellular
air spaces or other physiological structures that are followed
throughout a sequence of images (see [24], [29], [35], [10]).
Concepts originally developed by [27], [28] and [45], [46]
and improved by [10] establish quantitative relationships
for curvature production and curvature angle distribution.
Nevertheless, there is a continuing need to develop better
algorithms that work more accurately in automated high
throughput imaging systems such as our system outlined
above.

5. Conclusion
High throughput plant imaging systems require appropriate software applications for accurate automated image
analysis. We have developed a prototype hardware-software
product that operates as a “Portable Modular System for
Automated Image Acquisition and Analysis” in the lab and
some field applications. This article provides evidence for
feasibility of using our system towards fully automated high
throughput phenotyping in challenging functional genomics
and systems biology applications. The methods described
above also point to the many opportunities that machine
learning could offer plant functional biology, such as distinguishing mutant from wild type seedling plants in gravitropism experiments. As we observed, these applications
could be adapted for other experimental protocols in plant
biology that attempt to quantify subtle phenotypic traits
in order to decipher the functions of genes-proteins. The
general problem of quantifying all phenotypic traits (for
example, in tropism) for the development and growth of
the plant root system remains a formidable challenge that
is certain to inspire new insights in machine learning and
analysis of massive biological imaging data.
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Abstract— This study deals with investigating the classification performance of information-theoretic measures when
applied to complex biological networks. In particular, our
aim is to study their performance when applying such
quantitative network measures to disease networks (prostate
cancer versus benign tissue), i.e., graphs inferred from
biological data sets based on different conditions of prostate
cancer. The networks we have inferred are from public
available micro array studies. Different kinds of topological
graph measures (non-information-theoretic and informationtheoretic) are calculated with a subsequently performed
cluster analysis. We analyze different sets of descriptors and
come to quite reasonable results when clustering between
the different conditions of the disease.
Keywords: Systems Biology, Biological Networks, Information
theory, Graph theory

1. Introduction
Classical single gene testing approaches for the analysis
of DNA microarray data have shortcomings in modeling the
dynamic and multidimensional nature of gene expression.
A network based approach has been proven to provide
a better solution for modeling this process and analyzing
DNA microarrays [1]. For this approach, the microarray data
has to be represented by a complex network. Hence, we
firstly have to infer robust and valid association networks for
each condition of interest. Note that vertices correspond to
genes and edges represent biological relations. Since these
networks are known to be erroneous [1], statistical graph
analysis methods need to be applied.
Once such networks have been established, quantitative
techniques could be used to classify between different
conditions. Here, we apply non-information-theoretic and
information-theoretic network measures to characterize the
underlying networks structurally [2]. Thus, the main contribution of work is to exploit graph-theoretical techniques
(quantitative network measures) for the analysis of microarray data.
Particularly, we want to investigate the performance of
different measures when discriminating between different
conditions of the underlying disease and, more precisely, we

will examine whether it is possible to distinguish between
networks representing gene expression data of benign tissue
versus networks from prostate cancer. Note that we choose
public available data sets and infer correlation networks to
perform our analysis. We selected the data from NCBI GEO
[3] and EBI Arrayexpress [4].
The chapters are organized as follows: In section 2 we
describe the selected data, how we inferred the correlation
networks and give an overview of the topological measures
we used for our calculations. The results of the cluster
analysis using the calculated topological descriptors is listed
in section 3. In section 4 we summarize the results and
present a prospect of our next steps.

2. Material and Methods
2.1 Inferring Networks
The data we selected for this study are public available
data sets from NCBI GEO [3] and EBI Arrayexpress [4].
The criteria for selecting the data, was that experiments were
done with Affymetrix micro arrays. We selected studies that
compare gene expression from prostate cancer against benign tissue. For higher homogeneity, studies with metastatic
forms of cancer were excluded. Table 1 shows an overview
of the selected data sets for our study.
To get a common set of unique genes over all studies, the
genes have to be matched to unique entrez gene identifiers
[5] where 8686 genes remained. With this common set of
genes we inferred networks. An undirected network G =
(N (G), E(G)) consists of two non-empty sets N (G), E(G),
where N (G) is called the vertex set of G and E(G) are the
set of unordered pairs of elements of N (G). The networks
used for this study are inferred as correlation networks,
where N (G) contains the genes and E(G) contains elements
representing relations between two genes which have been
calculated as significant. Therefore, the correlation coefficient is calculated by using Pearson correlation:
ρxi ,xj =

cov(xi , xj )
.
σxi σxj

(1)

The significance of ρ is determined and Bonferronicorrected. This results in a network representation for
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Table 1: This table lists the public data sets we used in
one for prostate cancer and one for benign tissue.
Author
Journal
1
Chandran et al.
BMC Cancer
2 Varambally et al.
Cancer Cell
3
Liu et al.
Cancer Res
4
Wallace et al
Cancer Res
5 Tsavachidou et al. J Natl Cancer Inst
6
Sing et al.
Cancer Cell
7
Yu et al.
J Clin Oncol

this study. For every study we inferred two correlation networks,
Year
2007
2005
2006
2008
2009
2002
2004

prostate cancer and in another one for benign tissue for
each study listed in Table 1. We point out that we already
applied a vote counting algorithm in order to infer a common
network representation for the benign tissue at one hand and
for prostate cancer at the other hand, see [6]. To quantify
the complexity of the resulting 16 networks (see Table 2),
we apply various quantitative graph measures (see Section
2.2).

Platform
Affymetrix HG-U95av2
Affymetrix HG-U133 2+
Affymetrix HG-U133a
Affymetrix HG-U133a2
Affymetrix HG-U133a
Affymetrix HG-U95av2
Affymetrix HG-U95av2

•

|N | |N |

1 XX
(d(vi , vj ))−1 ,
H(G) :=
2 i=1 j=1
•

•

|E|
µ+1

1

X

(3)

[DS i DS j ]− 2 ,

(4)

(vi ,vj )∈E

where |E(G)| := |E| denotes the number of edges of
the complex network, DSi denotes the distance sum
(row sum) of vi and µ := |E| + 1 − |N | denotes the
cyclomatic number.
2.2.2 Descriptors Based on Other Graph-Invariants
•

Zagreb group indices:
|N |
X

Z1 (G) :=

k vi ,

(5)

i=1

where kvi is the degree of the node vi .
X

Z2 (G) :=

kvi kvj

(6)

(vi ,vj )∈E
•

Randić index:
1

X

R(G) :=

[kvi kvj ]− 2

(7)

(vi ,vj )∈E

Index of total adjacency:

Wiener Index:

|N | |N |

A(G) :=

|N | |N |

W (G) :=

i 6= j

Balaban J Index:
J(G) :=

•

2.2.1 Descriptors Based on Distances in a Graph

Cancer
50
6
44
53
16
48
51

Hararay Index:

2.2 Network Descriptors
To characterize complex networks structurally, we here
use topological measures for graphs. The informationtheoretic ones quantify the structural information content of
a network in question, see [2], [7], [8] and can be therefore
interpreted as network complexity measures. Also, the noninformation-theoretic measures quantify the complexity of a
graph in question by taking structural features into account,
e.g., distances, degrees etc. When applying such measures
to disease networks, it is interesting to investigate their
classification ability for distinguishing benign and cancerous
networks. In particular, we examine the just mentioned problem regarding non-information-theoretic and informationtheoretic measures. Note that such measures have been
widely used in various scientific disciplines, e.g., mathematical chemistry [2], [9], biology [10] and ecology [11]
etc. But to our best knowledge, such quantitative measures
have not been applied to classify disease networks so far.
Therefore, this is a first attempt to study the behavior and
ability of such network complexity measures using special
complex biological networks. Following [2], [9], [8], [12],
we calculate the topological descriptors of four different
groups in the next section.

Benign
11
4
13
14
40
37
56

1 XX
d(vi , vj ),
2 i=1 j=1

(2)
•

where |N (G)| := |N | denotes the number of Nodes
of the complex network. d(vi , vj ) stands for shortest
distances between vi , vj ∈ V .

1 XX
aij
2 i=1 j=1

(8)

Normalized edge complexity:
EN (G) :=

A(G)
|N |2

(9)
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2.2.3 Classical entropy based descriptors
These measures are based on grouping the elements of an
arbitrary graph invariant (vertices, edges, and distances etc.)
using an equivalence criterion.
• Topological information content:
 V 
k
X
|Ni |
|NiV |
V
log
.
(10)
Iorb (G) := −
|N |
|N |
i=1

•

|NiV | denotes the number of vertices belonging to the
i-th vertex orbit.
Bonchev - Trinajstić indices:


1
1
ID (G) := −
log
|N |
|N |


ρ(G)
X 2ki
2ki
−
log
,
|N |2
|N |2
i=1
(11)
ρ(G)
W
ID
(G) := W (G) log(W (G)) −

X

iki log(i). (12)
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2.2.4 Parametric Graph Entropy Measures
Measures of this group [7], [9] assign a probability value
to each vertex of the network using a so-called information
functional f which captures structural information of the
network G. We yield [7],
!
|N |
X
f (vi )
f (vi )
log P|N |
, (21)
If (G) := −
P|N |
i=1
j=1 f (vj )
j=1 f (vj )
where If (G) represents a family of graph entropy [7]
measures depending on the coefficients ck . For instance, a
special information functional [7] that is based on metrical
properties of graphs is
f (vi ) := c1 |S1 (vi , G)| + c2 |S2 (vi , G)|
+ · · · + cρ(G) |Sρ(G) (vi , G)|,
where ck > 0. Further [9],

Ifλ (G) := λ log(|N |) +

•

•

•

|Nie | is the number of vertices having the same eccentricity.
Vertex degree equality-based information index:
!
k̄
X
|Nikv |
|Nikv |
log
.
(14)
Ideg (G) :=
|N |
|N |
i=1
|Nikv | is the number of vertices with degree equal to i
and k̄ := maxv∈V kv .
Balaban-like information indices:
X
1
|E|
U (G) :=
[u(vi )u(vj )]− 2 ,
(15)
µ+1
(vi ,vj )∈E

X(G) :=

|E|
µ+1

X

1

[x(vi )x(vj )]− 2 ,

(16)

(vi ,vj )∈E

where
σ(vi )



X j|Sj (vi , G)|
j
log
,(17)
µ(vi )
µ(vi )
j=1

u(vi )

:= −

x(vi )

:= −µ(vi ) log(d(vi )) − yi ,

(18)

σ(vi )

yi

:=

X

j|Sj (vi , G)| log(j),

(19)

j=1

µ(vi )

:=

|N |
X
j=1

d(vi , vj ) =

|N |
X
j=1

j|Sj (vi , G)|. (20)


p(vi ) log(p(vi )) ,

(22)

i=1

i=1

ki is the occurrence of a distance possessing value i in
the distance matrix of G.
Radial centric information index:
 e 
k
X
|Nie |
|Ni |
IC,R (G) :=
log
.
(13)
|N
|
|N |
i=1

|N |
X

f (vi )
,
p(vi ) := P|N |
j=1 f (vj )
where pV (vi ) are the vertex probabilities, λ > 0 a scaling
constant and |Sj (vi , G)| stands for the number of nodes in
the j-th sphere of vertex vi ∈ V . To calculate the graph
entropy If (G), we choose the functional f (vi ) by applying
two weighting schemes namely a linear (see Equation 23)
and an exponential (see Equation 24) decrease,
c1 := ρ(G), c2 := ρ(G) − 1, . . . , cρ(G) := 1,

(23)

c1 := ρ(G), c2 := ρ(G)e−1 , . . . , cρ(G) := ρ(G)e−ρ(G)+1 .
(24)
ρ(G) represents the diameter of the network. All computations have been done by using R and Bioconductor [13]. The
descriptors we have used will be available as an R-package
on CRAN soon.

3. Results
The characteristics of the inferred correlation networks
are listed in Table 2. It shows that the networks are highly
inhomogeneous. The number of nodes ranges from 5 to
6605 and the number of edges from 4 to 178278. Also, the
density of the network varies from 0.3% to 50%. First, we
calculate a paired Student’s t-test to rank the descriptors by
their significance using the p-value. The results are listed in
Table 3. Table 3 shows that there are 10 of 23 descriptors
with a p-value below 0.05. Seven of them are entropy-based
measures indicating that they might perform better using
biological networks than non-entropy-based descriptors.
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Table 2: This Table shows a list of the inferred networks.
|N (G)| denotes the number of nodes, |E(G)| represents
the number of edges and D(G) is the edge density of the
network. The study group numbers refer to table 1.
study group
1 benign
1 cancer
2 benign
2 cancer
3 benign
3 cancer
4 benign
4 cancer
5 benign
5 cancer
6 benign
6 cancer
7 benign
7 cancer
c(ommon) benign
c(ommon) cancer

|N |
247
4250
160
3389
206
4618
36
5480
4491
611
5932
6605
5395
4318
5
257

|E|
17291
53984
12720
54106
11497
112447
363
167680
59667
19646
125672
178278
78751
50315
4
1537

based descriptors described in Section 2.2.1 and 2.2.2.

D(G)
0.285
0.003
0.5
0.005
0.272
0.005
0.288
0.006
0.003
0.053
0.004
0.004
0.003
0.003
0.2
0.023

6 benign
7 benign
3 cancer
1 cancer
7 cancer
5 benign
2 cancer
6 cancer
4 cancer
1 benign
3 benign
2 benign
4 benign
C benign

R(G)

N(G)

W(G)

A(G)

E(G)

Z1(G)

H(G)

p-value
0.01
0.016
0.021
0.021
0.024
0.028
0.033
0.043
0.043
0.045
0.052
0.054
0.07
0.115
0.129
0.129
0.129
0.19
0.194
0.206
0.214
0.271
0.328

J(G)

Descriptors
C(G)
IC,R (G)
ID (G)
W (G)
ID
U (G)
Ideg (G)
EN (G)
Ifλexp (G)
J(G)
E (G)
Iorb
Iflin (G)
Ifexp (G)
X(G)
Z2 (G)
E(G)
A(G)
Z1 (G)
N (G)
R(G)
H(G)
Iv (G)
Ifλ (G)
lin
W (G)

C cancer

Z2(G)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23

5 cancer

EN(G)

Table 3: A list of the calculated descriptors ranked by their
p-value.

Fig. 1: This figure shows the heat map of the cluster analysis
of all non-entropy-based measures.

1 cancer
7 cancer
5 benign
2 cancer
3 cancer
7 benign
6 benign
6 cancer
4 cancer
5 cancer
C cancer

To distinguish between different disease stages (in our
case cancer vs. benign), we perform a cluster analysis.
More precisely, we apply hierarchical clustering using
Euclidean distance and the complete linkage method to
calculate the distances between the obtained clusters.
Figure 1 shows the cluster analysis using the non-entropy-

1 benign
3 benign
4 benign
C benign

Iflin(G)

Ifexp(G)

Ideg(G)

Iorb(G)

ID(G)

IW
D (G)

IC, R(G)

U(G)

Iλfexp(G)

Iv(G)

X(G)

2 benign

Iλflin(G)

Now, we calculate all descriptors listed in Section 2.2 and
normalize them between zero and one. To get an idea of their
behavior when applied to our disease networks, we list the
non-entropy-based descriptors in Table 4 and the entropybased ones in Table 5.

Fig. 2: This figure shows the heat map of the cluster analysis
of all entropy based measures.
By pruning the dendogram at the top level resulting in
two clusters, we see that in the lower cluster, five benign
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1 benign
1 cancer
2 benign
2 cancer
3 benign
3 cancer
4 benign
4 cancer
5 benign
5 cancer
6 benign
6 cancer
7 benign
7 cancer
c benign
c cancer

Table
|E|
0.09697
0.30279
0.07133
0.30348
0.06447
0.63073
0.00201
0.94055
0.33467
0.11018
0.70491
1.00000
0.44172
0.28221
0.00000
0.00860

4: This table lists the
|N |
W (G)
0.03667 0.00064
0.64318 0.61569
0.02348 0.00013
0.51273 0.43729
0.03045 0.00044
0.69894 0.63251
0.00470 0.00001
0.82955 0.58720
0.67970 0.73732
0.09182 0.01614
0.89803 0.91803
1.00000 1.00000
0.81667 0.83202
0.65348 0.63001
0.00000 0.00000
0.03818 0.00151
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non entropy based descriptors for all correlation networks.
H(G)
J(G)
A(G)
Z1 (G)
Z2 (G)
R(G)
0.00397 0.87663 0.09697 0.09697 0.07417 0.04294
0.27922 0.14952 0.30279 0.30279 0.02959 0.65725
0.00232 1.00000 0.07133 0.07133 0.04133 0.02878
0.16709 0.14088 0.30348 0.30348 0.03869 0.53405
0.00269 0.63613 0.06447 0.06447 0.03251 0.03540
0.38916 0.12026 0.63073 0.63073 0.80517 0.70803
0.00009 0.18370 0.00201 0.00201 0.00003 0.00535
0.78328 0.04331 0.94055 0.94055 1.00000 0.78988
0.29628 0.14892 0.33467 0.33467 0.03170 0.70118
0.00812 0.00000 0.11018 0.11018 0.03083 0.10479
0.71955 0.05061 0.70491 0.70491 0.31105 0.91637
1.00000 0.01048 1.00000 1.00000 0.77498 1.00000
0.51862 0.13888 0.44172 0.44172 0.06476 0.81932
0.28541 0.15117 0.28221 0.28221 0.02016 0.66753
0.00000 0.16505 0.00000 0.00000 0.00000 0.00000
0.00181 0.16090 0.00860 0.00860 0.00024 0.03692

Table 5: This table is the resumption of table 4 and
the same rownames as table 4.
E
W
(G) IC,R (G) Ideg (G)
Iorb
(G) ID (G) ID
0.9840 0.7312 0.7312
0.7583
0.9550
1.0000 0.6739 0.6739
0.6836
1.0000
0.9703 0.6927 0.6927
0.6349
0.8781
0.9415 0.7706 0.7706
0.7825
0.8285
0.3092 0.4990 0.4990
0.4909
0.4312
0.9381 0.7998 0.7998
0.7264
0.8413
0.0000 0.0000 0.0000
0.0000
0.0000
0.8974 0.8751 0.8751
0.8826
0.8762
0.3063 0.4930 0.4930
0.4311
0.4309
0.9278 0.7732 0.7732
0.7178
0.9052
0.4008 0.3131 0.3131
0.2756
0.6468
0.9818 0.5816 0.5816
0.5940
0.9988
0.9195 0.8302 0.8302
0.7940
0.8447
0.5811 1.0000 1.0000
1.0000
0.7721
0.0572 0.3497 0.3497
0.2240
0.1052
0.6200 0.7813 0.7813
0.7719
0.6244

EN (G)
0.56805
0.00059
1.00000
0.00407
0.54278
0.00521
0.56133
0.00584
0.00053
0.10103
0.00177
0.00281
0.00001
0.00000
0.31831
0.04163

lists the entropy based descriptors for all correlation networks. It has
U (G)
0.1984
0.0000
0.7205
0.8024
1.0000
0.7944
0.9457
0.7563
0.9537
0.6491
0.8927
0.3775
0.7721
0.6360
0.8922
0.8908

networks were clustered together. The upper cluster contains
six cancer networks. We call the lower one benign-cluster
and the upper one cancer-cluster. Introducing this labeling
allows us to define a confusion matrix and calculate
the performance measures precision, recall, f-score and
sensitivity, specificity, accuracy (see Table 6). Figure 2
shows the cluster analysis for all entropy-based descriptors
presented in Section 2.2.3 and 2.2.4.
Compared to the non-entropy-based measures shown in
Figure 1, we see that also five benign networks were clustered together in the lower cluster. But it attracts attention
that all cancer networks are clustered together in the upper

X(G)
0.0273
0.0077
0.0676
0.0732
0.6501
0.0725
1.0000
0.0687
0.4696
0.0590
0.1034
0.0202
0.0724
0.0000
0.0788
0.0765

Iv (G)
0.0109
0.0000
0.1132
0.2069
0.9777
0.1980
0.9998
0.3123
0.9815
0.1749
0.9979
0.2871
0.1057
0.8679
1.0000
0.9573

Iflin (G)
0.9849
1.0000
0.9719
0.9410
0.5435
0.9387
0.4840
0.9072
0.5180
0.9502
0.2756
0.9742
0.9464
0.6691
0.0000
0.5485

Ifλlin (G)
0.2074
0.1414
0.1559
0.1376
0.2590
0.1610
0.0000
0.2122
0.3522
0.1895
0.4446
0.1134
0.1493
0.3181
1.0000
0.4505

Ifexp
0.9796
1.0000
0.9739
0.9434
0.5457
0.9368
0.5018
0.9039
0.5184
0.9389
0.2835
0.9827
0.9445
0.6647
0.0000
0.5292

Ifλexp (G)
0.8904
0.7764
0.7122
0.6803
0.4147
0.7786
0.0000
0.7908
0.4444
1.0000
0.1105
0.5626
0.7839
0.6556
0.1340
0.9180

cluster. That leads to a recall- or sensitivity value equal to
1 (see Table ??). Finally, that means they are very sensitive
to detect cancer and do not misclassify cancer in this study.
We get the same result by only using the classical entropybased descriptors as shown by Figure 3. Figure 4 shows
the performance of the parametric entropy measures that are
described in Section 2.2.4.
We see that they cluster only three benign networks
together. But they also unite all cancer networks in another
cluster. We mention this explicitly because we only choose
the linear and exponential weighting scheme to compute
the information functional f (vi ) as well as the result graph
entropies. Therefore, it is very likely that one obtains better
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4. Summary and Conclusion

7 cancer
1 cancer
5 benign
2 cancer
3 cancer
7 benign
6 benign
6 cancer
4 cancer
5 cancer
C cancer
1 benign
3 benign
4 benign
C benign

IW
D (G )

ID(G)

IC, R(G)

Ideg(G)

Iorb(G)

U(G)

Iv(G)

X(G)

2 benign

Fig. 3: This figure shows the heat map of the cluster analysis
of all classical entropy based measures.

5 benign
1 cancer
2 cancer
7 benign

In this paper, we tackled the problem of investigating the
classification performance of information-theoretic measures
applied to complex biological networks. For this we selected
public available micro array studies, related to prostate
cancer, from NCBI GEO and EBI Arrayexpress and inferred
correlation networks. Then we calculated different topological descriptors, to characterize and classify these complex
biological disease networks structurally.
Performing a t-test to distinguish the ability to differ
between prostate cancer and benign tissue shows, that most
of the entropy based measures have a higher significance
than the non-entropy-based ones.
After performing the cluster analysis using different sets
of indices, it can be seen that the entropy-based measures
cluster better. We emphasize that they have a recall or
sensitivity equal to 1, that means they cluster all cancer
networks together. Though they have poorer precision and
recall, they have a reasonable f-score (75 − 85%) and
accuracy (70 − 80%).
By solely using the parametric entropy measures, the
cluster analysis does not perform well. To get a better
performance when using these measures, we plan to investigate different information functionals, use feature selection
algorithms and optimize the parameters. As a first result,
the measures give reasonable results for classifying disease
networks. But an important conclusion is that to yield a
better classification performance, we need to investigate the
measures in depth. Based on the obtained results, we believe
that one can get better results when using high-dimensional
feature vectors using topological descriptors. As future work,
we plan to expand our studies by using larger sets of micro
array data representing different kinds of cancer diseases.

7 cancer
6 cancer
4 cancer
3 cancer
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6 benign
3 benign
1 benign
5 cancer
C cancer
4 benign
2 benign

Iflin(G)

Ifexp(G)

Iλfexp(G)

Iλflin(G)

C benign

Fig. 4: This figure shows the heat map of the cluster analysis
of the parametric entropy measures.
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Table 6: This table shows the performance of the clustering by using different groups of descriptors. It shows that the entropy
based descriptors perform better than the non entropy based ones.
precision recall fscore sensitivity specificity accuracy
all non-entropy-based
0.55
0.75
0.63
0.75
0.38
0.56
all entropy-based
0.73
1.00
0.84
1.00
0.62
0.81
classical entropy-based
0.73
1.00
0.84
1.00
0.62
0.81
parametric entropy-based
0.62
1.00
0.76
1.00
0.38
0.69
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Abstract— Utilizing a network representation has become a
common method for representing and analyzing biomedical
data. Nevertheless, assessing the quality and validity of the
inferred network is still a challenge. Combining a set of
studies that investigate similar research questions reduces
the effect of sampling errors within single study data. Therefore an integrative analysis of different networks might help
in reducing that variance when inferring networks. In the
present work, we introduce a method based on majority vote
counting for assessing a common network when combining
several studies in an association network-based approach.
We validate that method by using a set of seven prostate
cancer gene expression data sets and interpret the results in
terms of the underlying complex disease.
Keywords: Prostate cancer, computational biology, meta-analysis,
data integration, association networks, comparative graph analysis

1. Background
To capture the dynamic nature of biomedical data,
networks have been established as a standard tool over
the last years [1]. For example, they have been used to
investigate data integration for biomarker discovery [2] or
in order to combine and visualize information on a genomewide scale [3]. However, to infer and to analyze a network
by using hightroughput data sets is a still challenging
undertaking, see, e.g., [4]. An ongoing challenge is to
assess the validity of the derived representation of the data.
Using information from different studies is very likely to
result in a multitude of varying networks. Some of these
might share a high grade of similarity, whereas others
might differ in structural as well as in contextual aspects.
This work presents a method that allows combining the
network representation from a set of studies and assessing
the commonality of this data.
For deriving the information representing a common
ground among a set of networks we make use of a vote

counting algorithm. In biomedical research counting votes
has been established as a standard method for metaanalysis. To illustrate the idea of a majority vote count
based approach within the context of biological networks,
we make use of a set of seven studies measuring gene
expression in prostate cancer. Prostate cancer is the most
common cancer among men and accounts for one quarter
of newly diagnosed cancer among men in the US [5].
Therefore, a multitude of gene expression experimental
data is available within public repositories. To reduce the
effect of inter study variation, we utilize a majority vote
count method that allows to derive the information most
common to all studies. Here, our goal is to determine this
overlap between a set of studies represented by association
networks. Therefore, we establish a method that allows to
compare and combine this information in a majority vote
count manner.
The paper is organized as follows: In Section 2 we briefly
describe the data sets and methods we use in our paper. In
Section 3, we interpret the results in terms of the underlying
complex disease. We finish the paper with a short summary
and conclusion in Section 4.

2. Material and Methods
The data for our analysis is obtained from the public
repositories NCBI GEO [6] and EBI Arrayexpress [7]. For
inclusion in our survey, studies have to investigate prostate
cancer and benign tissue gene expression. Metastatic forms
of cancer are excluded for the sake of homogeneity. We
then selected seven data sets from which we later derive
the network information. Table 2 lists the data sets we use
in the presented study.
To make the features comparable, inter study mapping of
measured genes has to be performed first. To get uniquely
labeled representations, the microarray feature identifiers
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Table 1: A set of public available data
refer to post quality control state.
Author
1
Chandran et al.
2 Varambally et al.
3
Liu et al.
4
Wallace et al
5 Tsavachidou et al. J
6
Sing et al.
7
Yu et al.
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sets was investigated in this study. Given numbers of benign and cancerous samples
Journal
BMC Cancer
Cancer Cell
Cancer Res
Cancer Res
Natl Cancer Inst
Cancer Cell
J Clin Oncol

Year
2007
2005
2006
2008
2009
2002
2004

Platform
Affymetrix HG-U95av2
Affymetrix HG-U133 2+
Affymetrix HG-U133a
Affymetrix HG-U133a2
Affymetrix HG-U133a
Affymetrix HG-U95av2
Affymetrix HG-U95av2

Benign
11
4
13
14
40
37
56

Cancer
50
6
44
53
16
48
51

are first mapped to the corresponding entrez gene numbers,
as shown in similar work [8]. After merging the mapped
entrez gene identifiers, 8686 common features were left for
further analysis.
After this filtering process, a network representation can
be inferred. To derive the needed information about the association of two features a broad range of methods exists. In
the present paper, we exploit information on the correlation
to quantify this association. As a measure for correlation, we
use the Pearson’s product moment correlation coefficient:
ρxi ,xj =

cov(xi , xj )
σx i σx j

(1)

Since we assume the underlying data to follow a normal
distribution, the significance of ρ can be derived from a
t-distribution with n − 2 degrees of freedom, where n is the
number of samples.
A matrix Md is now computed for each data set d.
By defining a threshold S = 0.05, the p-values for
each correlation ρxi ,xj can be transformed into a binary
representation matrix Bd , where each bi,j = I(ρxi ,xj < S).
To adjust for multiple hypothesis testing, the Bonferroni
method is applied in that stage.
The votes for commonality of the associations is
then given by matrix addition and, therefore, we need a
threshold
V . An association is now labeled as significant
Pd
if
k=1 bi,j ≥ V . To have a plain majority vote count
criterion V is set to d/2. To now construct a new network
representation of the common network, associations between
two features are assumed if this criterion is fulfilled.
One possible way of looking at the underlying study
data is to calculate
the mean of the associations between
P
two genes d1
ρd . We expect the means to be normally
distributed around an average of zero, which is illustrated
in Figure 1. Nevertheless, some of the average correlation
coefficients are still in a high range. For the benign samples
the distribution appears wider, but with overall a much

Fig. 1: The upper Figure shows the means of correlations
for the edges in both the cancer samples and the ones taken
from benign tissue.
Table 2: It can be seen that only a small portion of associations is significant among all studies. Another observation is
that the overlap is stronger within the data of prostate cancer
patients than it is within the benign samples.
Pd

k=1 bi,j

cancer
benign
cancer
φ = benign

1
542,453
388,004
1.4

2
39,098
11,196
3.5

3
13,926
536
26

4
1,716
9
190.7

5
630
0
-

6
191
0
-

7
2
0
-

smaller number of overlapping observations, which might
indicate less common ground within this group.

3. Results
Applying the majority vote count algorithm for both the
benign and the cancerous samples reinforces this hypothesis,
as it turns out that within the diseased studies the absolute
number of overlapping edges is several factors higher than
within the healthy ones, as it can be seen in Table 3.
Analyzing the votes illustrates two observations: In
general, it can be seen that only a small portion of all
associations is overlapping across the majority of the data
sets being investigated. Additionally, the resulting figures
indicate that the common ground among cancerous samples
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the Harary index [12]
|N (G)| |N (G)|
1 X X
H(G) =
d(ni , nj )−1 , i 6= j.
2 i=1 j=1

(4)

To assess the connectivity within G the Randić connectivity
index [13] was used
X
1
(5)
R(G) =
[kvi kvj ]− 2 ,
(vi ,vj )∈E(G)

Fig. 2: It can be seen that the overlap is stronger for the
cancer data. A possible explanation for this shift towards a
higher correspondence might be that the underlying correlations are mainly driven by the disease, whereas in the benign
data the intra-study variation of the healthy samples might
reduce the observed correlations. For displaying reasons the
y-axis was trimmed.

is bigger than within the samples of benign patients (Figure
2).
Our results show that within the used prostate cancer data
the number of overlapping edges is higher than within the
benign data. The ratio strongly increases with the number
of common associations. While there are about three times
more common edges between two cancer studies (φ = 3.49),
there are more almost 200 times more common associations
among four included sets (φ = 190.66). More than four
votes were not observed for the benign samples. Again, this
supports our hypothesis, that the common associations are
mainly driven by the effects of the underlying disease.
To get a better understanding of how the single network
representations look like, and which kind of structural information they capture, some basic measures from quantitative
graph theory [9], [10] are applied. Let G = (N (G), E(G))
be a network. First, we just use the information on the
number of edges |E(G)|, and nodes |N (G)| to calculate the
edge density
|E(G)|
.
|N (G)|2 − |N (G)|

(2)

|N (G)| |N (G)|
1 X X
d(ni , nj ),
2 i=1 j=1

(3)

D(G) =
The Wiener index [11],
W (G) =

is defined via shortest distances of G and d(ni , nj ) stands for
the shortest distance between two nodes. This index has been
used to detect branching in graphs and, therefore, can serve
as a graph complexity measure. Additionally, we calculate

where kvi denotes the degree of a node vi ∈ N (G).
To get an insight into the branching of the single nodes
within each graph the mean of all degrees in G is included
as well. Now we apply each of these measures to the largest
connected component of the single network representations,
as illustrated in Table 3.
Performing a paired t-test on the study subgraphs, without
including the common graphs, does not show any significant
differences between either groups. It seems that the used
topological descriptors do not capture structural information
meaningfully for classifying these disease networks. In
the future we will draw our intentions to investigate such
measures in depth, in order to improve the discrimination
ability and to get deeper insights of the underlying problem.
The figures for the common graphs suggests that significant
differences between those might exist. Since we only have
one common graph per group at the time being this could
not be investigated any further.
Observing the degree distribution for the common graphs
of cancer reveals that even with thresholds V = 5 or V = 6
highly connected features are present within the data, as
depicted in Figure 3. The common graphs follow a powerlaw distribution with most of the genes showing only a small
number of connected partners, whereas a small number are
highly connected hub genes [14]. Similar observations were
not made for the benign samples, since there were at most
nine associations left at a threshold of V = 4. Increasing V
left no benign data for further analysis as shown in Table
3. This strengthens our hypothesis that some patterns are
present in the cancer data, that are either caused directly
by the disease or indirectly by associated side effects. The
processes that are responsible for that patterns are likely to
be identified when further analyzing the common hub genes.

4. Summary and Conclusion
By combining information on the commonality of the
edges within a network derived from biomedical data
we were able to derive a common representation. These
common networks do depend less on the disturbances from
effects that may influence single studies networks. In that
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Table 3: To get a better insight in the underlying structural and contextual properties of the analyzed networks the largest
connected components were extracted and analyzed by means of quantitative graph analysis. The upper part of the table
lists the graphs of the single studies, whereas the last two lines list the information for the common graphs created by vote
counting. Study numbers refer to 2.
study (group)
|N (G)| |E(G)| D(G)
W (G)
H(G)
R(G)
meanDeg(G)
1 (benign)
247
17291
0.285
64877
21753.395
118.369
7.719
1 (cancer)
4250
53984
0.003
62518875 1530433.241 1783.12
30.576
2 (benign)
160
12720
0.5
12720
12720.000
80.000
160.000
2 (cancer)
3389
54106
0.005
44403789
915828.302 1449.253
24.381
3 (benign)
206
11497 0.27244742
14728.733
97.935
6.867
3 (cancer)
4618
112447 0.005
64226542 2133042.516 1920.723
16.261
4 (benign)
36
363
0.288
930
491.000
16.51
1.500
4 (cancer)
5480
167680 0.006
59625150 4293234.282 2222.308
13.237
5 (benign)
4491
59667
0.003
74869217 1623947.561 1902.164
33.767
5 (cancer)
611
19646
0.053
1639376
44523.026
285.973
6.789
6 (benign)
5932
125672 0.004
93219241 3943929.704 2485.313
19.449
6 (cancer)
6605
178278 0.004 101542271 5481125.053 2711.952
16.722
7 (benign)
5395
78751
0.003
84484855 2842649.872 2222.308
30.140
7 (cancer)
4318
50315
0.003
63972564 1564354.050 1810.982
37.224
common (benign)
5
4
0.2
16
7
2
2.500
common (cancer)
257
1537
0.023
152898
9942.108
102.063
5.468
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criterion of overlapping in all seven studies, namely DES,
MT1H, MT1F, CNN1. The first three were shown to be
related to prostate neoplasm [15], [16]. In a study by Garrett
et al. MT1F expression was clearly detectable in prostate
cancer cell lines, whereas similar expression was only
observed in one out of six normal prostate samples [15].
Underexpression of mutant DES was previously observed
in high malignant prostate cancers [16]. An enrichment
analysis using MetaCore (GeneGo, Inc. [17]) hints towards
a relation between our findings and prostate related diseases,
as seen in Figure 4.
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Fig. 3: For the common graphs of the cancer data it can be
seen that even at a rather high threshold V , a number of
potential hub genes are left for later analysis.

An interesting insight is given by the strong effect of
the adjustment for multiple hypothesis testing. We first
derived the networks from the raw unadjusted p-values.
As expected, these networks differ strongly from the ones
obtained after adjusting the p-values. When using the raw
p-values, much more associations were counted for both
groups. But nevertheless did the benign samples again
show less common ground than the samples derived from
diseased patients. The values of φ∗ did not show such an
extreme behavior, as shown in Table 4.

way such common networks might allow to increase the
robustness of a network for further analysis. We could
not observe significant differences in the disease state
using topological descriptors, but figures for the common
networks hint to systematics effects that might help in
investigating underlying biological effects.

One limitation of this study is the selection of Affymetrix
microarray data to be analyzed only. This limitation was
set in place in order to simplify the handling of the study
data. As future work, the addition of other assays will be
considered and eventually undertaken.

Four genes were left when having the most stringent

Based on the current results, we plan to evaluate other
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Table 4: As expected, when no correction for multiple testing is applied the absolute number for overlapping edges is higher
than after an adjustment. Nevertheless does the ratio φ∗ between overlaps in cancer and benign tissues not increase not as
extremely as φ.
Pd
1
2
3
4
5
6
7
k=1 bi,j
cancer 12,812,610 5,997,891 2,588,189 1,245,750 580,114 241,386 61,425
benign 13,090,379 5,929,702 2,063,351
633,427 176,988
39,918
4,858
cancer
φ∗ = benign
0.98
1.01
1.25
1.97
3.28
6.05
12.64

port Innovation and Technology (BMVIT) and the Federal
Ministry of Economics and Labour/the Federal Ministry of
Economy, Family and Youth (BMWA/BMWFJ), the Tiroler
Zukunftsstiftung (TZS) and the State of Styria represented
by the Styrian Business Promotion Agency (SFG) [and
supported by the University for Health Sciences, Medical
Informatics and Technology and BIOCRATES Life Sciences
AG].
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Fig. 4: An enrichment analysis using Metacore (GeneGo
Inc.) reveals an association between the remaining genes
in the common graphs and diseases by biomarkers. (colors:
light gray: N = 7, gray: N = 6, black: N = 5, dark gray:
N = 4)

methods that can be used to combine networks derived
from different studies. Such methods should allow to use
quantitative analysis for comparison of such integrated
information. As a second goal for future work, we plan to
increase the number of included studies. This should allow
to further analyze the role of heterogeneity within the data.
To further investigate the hypothesis of observing more
overlaps within cancer data sets than in their healthy
counterparts, we plan to conduct similar studies with other
types of cancer studies. This might reveal the potential roles
of energy metabolisms or cancer related pathways as the
driving forces behind the increased number of associations.
Another potential research goal is now to not only compare
healthy and diseased samples, but also different stages
of a certain disease, as different sub groups might reveal
different characteristics within their specific common graphs.
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Abstract – Machine learning algorithms are extensively
being used in the field of bioinformatics. With the invent of
new genome sequencing techniques there has been a
considerable increase in the amount of data available in the
biological databases. In research projects, such as
determining the structure and function of biological
molecules, the role of machine learning is evident. The
machine learning algorithm learns a new concept or function
from some past experience. When given new examples, it
classifies them based on the concept learned. In this article,
our goal is to empirically evaluate how well the standard
machine learning algorithms perform in classifying
metagenomic data. Our approach involves classifying the
sequence reads into respective species by performing a
codon analysis on the DNA sequences and extracting
features that are representative of the sequence reads. We
compared the performance of six well known supervised
learners - decision trees, Naï
ve Bayes, support vector
machines, artificial neural networks, Bayesian networks and
decision tables . We also analyzed the performance of three
different meta-learners namely bagging, boosting and
stacking. Experimental results are described which
investigate the technique being presented.
Keywords: Bioinformatics, binning, ensemble methods,
machine learning, metagenomics, supervised learners.

1
1.1

Introduction
Overview

Metagenomics is the study of organisms that cannot be
cultured in the laboratory. Metagenomic DNA sequences can
be found in samples directly extracted from natural habitats
such as land, sea water etc. Metagenomics facilitates the study
of a large population of microbial organisms such as bacteria,
archea, and viruses [1]. Microbial organisms can be found
everywhere such as land, sea water and even in the gut of
human beings. Extracting the genomic data from such
environmental samples enables us to study all the microorganisms ranging from bacteria, archea and microeukaryotes
that are involved in regulating the earth‟s ecological balance.
Bacteria, archea and viruses belong to the group known as
prokaryotes - i.e. the organisms which lack a nucleus. The

sequences which are directly taken from natural habitats such
as land, sea water, or the gut of human beings are known as
metagenomes and the study of this sequence data is known as
metagenomics [2]. The sequencing of metagenomic data
allows us to explore and analyze the organisms which cannot
be cultured in the laboratory [1].
Machine learning algorithms are being applied to various
application domains that are related to the field of
bioinformatics. One such field is metagenomics. The role of
bioinformatics in the field of metagenomics is: (1) to find
genes for detecting novel proteins; (2) to find evolutionary
relationships among organisms. It is obvious that these
algorithms are being applied to sequence reads because the
data set is large enough and finding a method which is
capable of handling such huge amounts of data is required. At
the same time the need for computational methods arise
because of the fact that they automate or speed up the process.
Machine learning is nothing but building a model based on
certain data or previous knowledge, which is known as the
training data. When we have an unknown/unseen example and
want to predict which category/class it belongs to, we do so
by using the model which has been built on some previous
knowledge.
Consider „n‟ examples of the form {(x1,y1), … , (xn,yn)}.
The function y = f(x) varies for different inputs of „x‟. The xi
values are vectors of the form {xi1, xi2 , . . . , xin}. These
vectors are called features or attributes of xi. These features
can be either discrete valued or continuous. Yi is known as the
target attribute. The target attribute, also called label, can take
either continuous or discrete values. If the target attribute
takes values from a discrete set of classes {1, …, K}, then it is
a classification problem. In case of a regression problem the
target attribute will take values from the real line (continuous)
[3]. Machine learning algorithms can be applied either to the
problem of regression or classification. Regression is used for
predicting the values of a continuous variable, whereas
classification is used when we classify the examples into a
number of discrete categories or classes.
When the learning algorithm is given „n‟ training examples
of labeled data it learns the concept and outputs a model.
When new/unseen examples, called the test set, are presented
to the learned model it outputs a prediction of the target
attribute value based on the concept learned. This is known as
supervised learning. Some of the supervised learners are
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decision trees, support vector machines, artificial neural
networks. On the other hand unsupervised learning, i.e.
learning without a target attribute, usually involves similaritybased approaches. The examples are partitioned into different
clusters or classes. When a new example is presented it is
assigned one of these clusters based on the similarity. One of
the well-known unsupervised clustering algorithms is Kmeans.

1.2

Related work

Metagenomics is an active area of research which deals
with the study of the microbial world. It has been the major
area of focus of many recent sequencing projects. Using
metagenomics researchers were able to determine the
functional role of the molecules and also the chemical
reactions taking place which aid in the process of symbiosis.
The researchers also focused on the phylogenetic
classification of these organisms. Phylogenetic classification
helped researchers to determine what other kind of species,
genera or phyla are present in the metagenomic sample [4].
The sequence data which is extracted by shotgun sequencing
or other functional sequencing methods yields sequences
which are fragmented in nature. The reads obtained can
belong to either different species or they can belong to the
same species with different strains. Gene assembly of reads
which belong to different species can be easily done, but
assembling genes of same species with different strains is
quite a challenging task [5].
The sequence data obtained from such sequencing methods
highly depends on the environment from which the sample is
taken. In other words, there is a high significant correlation
between the sequencing data obtained and the origin of the
sample [2]. There are a variety of genome assemblers
available such as Arachne [6], PCAP [7], Atlas [8]. All the
above mentioned genome assemblers work on the same
principal concept of assembling genome sequences from
shotgun reads. The assembled fragments are then searched for
probable genes. The two famous gene-finding techniques are
GLIMMER [9], FgenesB_Annotator [10]. Glimmer is a
system for finding genes of prokaryotes such as bacteria,
archae and viruses. It uses hidden markov models which are
among
the
most
popular
statistical
models.
FgenesB_Annotator is a package which does an automatic
annotation of bacterial genomes.
Assigning reads to reference genomes or finding the
similarity to known species is termed as grouping or
classifying the sequences. Researchers in the metagenomic
community term it as “binning” [11]. Using this concept of
binning, the reads are assigned their taxa and hence can be
classified. There are both supervised and unsupervised
learning mechanisms to find genes in reads of sequences or to
assign them to reference genomes. In the case of supervised
learning the reads should be assigned labels or target attribute
values of reference genomes.
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There are many different methods by which genes are being
discovered. One common way is to take the sequence reads
and perform a blast against the known genes. Some of the
common supervised programs are BLAST [12] and MEGAN
[13]. BLAST is a program which enables comparison of a
query sequence with a database of known sequences. It then
identifies the sequences which match the query sequence
based on some statistical similarity measure of matches.
Metagenomic data present challenges here, as there is little
knowledge about these organisms and the fragments of
sequences are thought to be incomplete. So even with BLAST
we cannot obtain accurate similarity searches of the query
sequence to the sequences present in the databases. MEGAN
is another similarity search based tool. It offers both a
graphical and statistical analysis of the sequence. The
sequence is assigned the taxa based on sequence alignment.
MEGAN assigns the new query sequence to the sequence
which has the highest similarity score. Similarity based
approaches such as BLAST and MEGAN can be of little help
in finding novel genes when we consider metagenomic data as
there could be no reference homologues present in the
databases [2].
Another way to predict genes is to find them based on the
structural analysis of the composition of the DNA sequence.
This can be achieved by either finding the coding regions or
the non-coding regions or just searching for ORFs in the
sequence and then using these features to build statistical
models which can predict novel genes. When we look at a
DNA sequence we cannot find any difference between the
metagenomic data and the data that is used in other genomic
projects. To us it may seem as the sequence data of
metagenomic samples is similar to that of other sequencing
data because at the abstract level we know that sequences are
nothing but strings of A, T, G and C. But if we take into
consideration patterns, the biological structure, functional role
and long range sequences, they differ [14].
Many programs have been developed for predicting genes,
which make use of statistical models. Orphelia [15] is one
such program which uses a two stage machine learning
approach to compute the gene probability. The program uses
artificial neural networks to find the probable genes in the
given sequences. Orphelia has two different programs which
work for sequence lengths of 300 bp and 700 bp. MetaGene
[16] is another program which is used for sequence lengths of
(~700 bp) and is used to predict genes in prokaryotes.
MetaGeneAnnotator [17] is the successor of MetaGene, and is
available as a web server application. GeneMark [18] is yet
another program which uses unsupervised learning and the
algorithm used is iterative hidden Markov models. The
program is based on heuristic approaches. Even though all the
above programs are available as a web server application
MetaGene, MetaGeneAnnotator and GeneMark support only
sequence reads which are of (~700 bp) in length where as
Orphelia supports sequences of length 300 bp and 700 bp. Our
approach supports variable length sequence reads.
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The approach used in this article is different from the above
mentioned programs as we are trying to classify the sequences
into a known set of species rather than trying to find genes in a
particular sequence. Our main goal is to assist in the process
of finding relationships among species as to how similar they
are. This is a novel approach to the problem of classification.
This is accomplished by first finding the important attributes
present in the sequence data. Then, these features are given as
input to a machine learning algorithm. The algorithm learns
from the data and presents a model to the user. The model is
then validated for correctness, by giving it a set of examples
known as the test set, to see how well the model performs on
unseen examples. In [11], the authors used Naïve Bayes
classifier for assigning reads to respective phylogenetic
groups. In our study we have not limited ourselves to just one
classifier but tried a variety of different classifiers, both
supervised and ensemble learners to determine which
classifier performs well on such metagenomic data.
The rest of the article is organized as follows: in Section 2
we introduce our methodology and show how the features are
extracted from the sequence data. In Section 3 we present the
performance of various algorithms. In Section 4 we discuss
future work and the article is concluded in Section 5.

2.1

Approach
Data selection

The data which is used in our experiments is available on
Comprehensive Microbial Resource [19]. The data is selected
in such a way that each species selected has a different genus.
We randomly select 75 different species based on the criterion
that each species should belong to a different genus. This set
of 75 species is equally divided into 3 groups of 25 species
each. From each of these groups we remove 10 species to
form the set of 15 species. Two sets of experiments are
performed for each group: one with the initial set of 25 species
and the other with the set of 15 species. As the species
selection is stochastic, in order to validate our approach we
report the average accuracy of the 3 groups. As shown in Fig.
1, species which are selected for our experiments belong to
different genus.

2.2

Data pre-processing

The FASTA file of each species contains a number of
different reads of DNA sequences. The number of reads and
the average length of each read vary according to the species
being selected. The average number of reads of DNA
sequences in a file of each species would be approximately
3500 and the length of DNA sequence would be between 3001000 bp.
The next step in our approach is to extract the features or
attributes, for the machine learning algorithms to learn the
concept and then to bin them into groups. The attributes or
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features we selected are the GC content, number of ORFs, unibase frequency, di-base frequency, average length of ORF. GC
content is the most important feature to consider because of
the relative stability of the bond between the G and C bases
rather than A and T bases [20]. If the DNA sequence has a
pattern such that it begins with a start codon (ATG,CTG,GTG,
or TTG), which is followed by at least 54 bp, and then ends
with a stop codon (TGA,TAG, or TAA) then such a pattern is
known as an „Open Reading Frame or ORF [15]. Codons in
biology are subsequent, non-overlapping triplets. We
considered ORFs with overlap as the relative lengths of the
sequences are short. By considering ORFs with overlap we get
a good count of the number of ORFs in a sequence even
though the sequences are short [15].

Number of Sequences
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Genus

Fig. 1. Shows how sequence lengths are distributed among the
different genera.
The DNA sequences which are in the FASTA format have a
sequence identifier followed by the sequence itself. We first
compute the GC content and then find the probable ORFs for
each read of DNA sequence. As the sequence can be
translated in six different ways, we find the ORFs in all
possible frames (3 on positive strand, 3 on the minus strand).
Now iterating through each ORF we look for codons with a
pattern. Uni-base frequency is the term, which we use for
codons which contain only one unique nucleotide, namely
AAA, TTT, GGG, CCC. Di-base frequency is the frequency
of the codons which contain two unique nucleotides, such as
ATA, TTA, GGC, CGC and so on. We did not consider the
feature tri-base frequency (codons which differ by all three
nucleotides) as the features uni-base, di-base and tri-base are
complementary.
This set of five features along with the species label (i.e. to
which species the sequence belongs) forms the input to the
machine learning algorithm. One sample tuple would be of the
form (number of ORFs, uni-base frequency, di-base
frequency, average length of ORFs, GC content, name of the
species). Here, the name of the species is the target attribute
which is discrete valued. In this way we process all the
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sequences such that for each sequence we have a tuple which
gives a statistical representation of the underlying data. Fig. 2
shows a diagrammatic representation.

Fig. 2. Step-by-step illustration of our approach.
After the data has been processed and the features extracted
the next step is to present it as an input to some machine
learning algorithm.

2.3

Learning methods

The machine learning algorithms which we use are decision
trees, decision tables, neural networks, support vector
machines, and Naïve Bayes, Bayesian networks. Ensemble
learners such as bagging, boosting and stacking are also used.
We use the University of Waikato‟s WEKA [21] software
which is an open source data mining software written in Java,
to run the experiments. The Weka package has
implementations of various popular machine learning
algorithms.
We use a validation method approach wherein the data is
randomly split into two sets of 80% and 20% known as the
training/validation set and the testing set. The algorithm builds
the model based on the training set and then the test set is
presented to the model to see how well it performs. Another
way of validating the data is by using N - fold cross validation
approach. In this approach the data is partitioned into N
disjoint subsets, trained on N-1 subsets and the remaining one
set is used for validation. This process is repeated for N times
and the average accuracy is reported. Cross validation is
generally used when the size of the data set is small which is
not the case in this research.
The first classifier used is the decision tree. The target
attribute is the name of the species to which the sequence
belongs. The target attribute in this case is discrete valued, and
hence decision trees can be used. The algorithm used is J48
which is an extension to the C4.5 algorithm, developed by
Quinlan in 1993. The construction of the tree follows a top
down approach. All the attributes are evaluated by a statistical
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measure called information gain [22]. The attribute with the
highest value of information gain will be the root of the tree.
The algorithm is then called recursively for every sub-tree. To
avoid overfitting of the data the tree is pruned. Overfitting is a
phenomenon in which the model is able to predict correct
outputs for the training examples but does not generalize well
to unseen examples. This usually happens when training is
performed for a long time or when the training examples are
very rare. It fits the model very well to the training data and
hence the performance on the training set increases
considerably but it undermines the performance on new
unseen data. Similar to decision trees, decision tables also
involve selecting the attributes by discarding the irrelevant
attributes from the decision table.
The second classifier we used to evaluate the data is Naïve
Bayes. It is a supervised learning algorithm in which the target
function can take in any discrete value. It uses a probabilistic
model where the probabilities of the attributes are calculated.
When given a new example to classify the classifier assigns
the most probable target attribute value given the other (nontarget) attributes [22]. Bayesian network is a probabilistic
graphical model that represents a set of random variables and
their conditional independencies via a directed acyclic graph.
Bayesian networks are similar to naïve Bayes except for the
fact that they make weaker assumptions for conditional
independance between attributes. Both Naive Bayes and
Bayesian networks are relatively fast and take just few minutes
to train and classify the instances.
The third classifier used is the multilayered perceptron
Artificial Neural Network (ANN) trained by the backpropagation algorithm. ANN‟s are useful when the training
data has lot of noise. The squared error between the target
output and the network values is minimized by adjusting the
weights [22]. It takes 10 times as long to train a neural
network (on the order of few hours on a desktop) as compared
to Naïve Bayes which in turn is slower than decision trees. To
prevent overfitting of data we changed the default values of
the parameters. We used a validation set size of 25%,
validation threshold of 20 epochs and trained the network for
500 epochs. This will allow the network to stop on the
validation error and not because the number of epochs have
been exhausted. We chose these parameters because the
domain exhibits a „saw tooth‟ behavior. The threshold needs
to be kept high and the number of epochs needs to be
increased. It may help in such a domain to increase both the
learning rate and the momentum term to speed up the training
process.
Support Vector Machines (SVMs) are really popular in
application domains where the data is linearly separable. It can
also be applied to problems of either regression or
classification. We used the Sequential Minimal Optimization
algorithm which has been implemented in Weka. Training
times are faster as compared to ANN but is slow compared to
decision trees and Naïve Bayes.
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Ensemble methods aim at enhancing the performance of a
given statistical model. Ensemble learning is to combine
models of either the same type or of a different type.
„Bagging‟, „boosting‟ and „stacking‟ all fall into the category
of ensemble learners or meta-learners. Bagging and boosting
combine models of the same type (usually called the baseclassifier type) while stacking combines models of different
types (i.e. generated by different algorithms). Bagging is also
known as boot strap aggregation. For bagging and boosting we
used J48 as the base-classifier because it gave the best
performance in the first set of experiments. For stacking we
combined a total of five classifiers. The base-classifiers (level0) used for stacking are Naïve Bayes, SVM, Bayesian
network, decision table, and the level-1 or meta-level classifier
was J48. There is no hard and fast rule to select which
classifiers are to be used for level-0, level-1 classifiers so we
selected the faster classifiers because stacking requires much
more time than single-classifier learning.

3

Experiments & Results

3.1

Evaluation approach

The performance of our classifiers is tested using validation.
We used an 80-20 split of the data, where 80% of the data is
used for training/validation and 20% of the data as the test set
[23]. The classifier is evaluated on how well it classifies the
20% of the examples based on the learned concept. Other
metrics based on which a classifier can be evaluated include
Sensitivity, Specificity, and Accuracy. True positives (TP) are
the number of positive examples classified as positive. False
negatives (FN) are the number of positive examples which are
classified as negatives. True negatives (TN) are the number of
negative examples which are classified as negative. False
positives (FP) are the number of negative examples which are
classified as positive [22].
We can define sensitivity and specificity as statistical
measures of performance of the binary classification test,
namely:

Sensitivity = TP ∕ ( TP + FN )
(1)
Specificity = TN ∕ ( TN + FP )
(2)
Accuracy = ( TP + TN ) ∕ ( TP + FN + TN + FP ) (3)
We evaluate our results based on the metric of accuracy,
which can be thought of as the proportion of instances which
are correctly classified.

3.2

Results

Experiments are performed for 3 groups of 15 and 25
species respectively. The number of instances given to the

classifiers is approximately 45,000 in the case of 15 species
and approximately 77,000 for 25 species. Among metalearners bagging and boosting with base-classifier as J48
perform better than stacking. Also, training time of J48 is fast
as compared to all the other learning algorithms, the worst
being ANN which takes hours to build the model.
A closer look at the resulting decision tree reveals that the
attribute GC content is always selected as the root of the tree.
As GC content is an important feature in determining the
functional roles of the species, it has the highest information
gain and hence is selected as the root of the decision tree.
Table I: Accuracy of supervised learners on three independent
groups of 15 species
Algorithm

1st Group

2nd Group

3rd Group

Average

J48

92.7218

90.6375

92.3518

91.9037

Bayes Net

91.2564

91.0585

92.2176

91.5108

Decision
Table
ANN

92.0281

89.3444

91.0466

90.8036

87.4951

83.1997

85.4111

85.3686

NB

81.8875

84.0517

86.4967

84.1453

SVM

82.6886

74.4611

83.6545

80.2680

Table II: Accuracy of meta-learners on three independent
groups of 15 species.
Method

1st Group

2nd Group

3rd Group

Average

Bagging

93.0148

91.4395

93.0471

92.5004

Boosting

92.8292

91.5297

93.1447

92.5012

Stacking

92.1551

89.9559

91.4979

91.2029

Table III: Accuracy of supervised learners on three
independent groups of 25 species.
Algorithm

1st Group

2nd Group

3rd Group

Average

Bayes Net

91.1732

86.0028

86.4445

87.8735

Decision
Table
J48

91.0554

84.5153

85.7273

87.0993

88.2888

86.1439

86.4586

86.9637

ANN

84.9694

76.8402

81.9026

81.2374

NB

78.5845

75.2437

77.2411

77.0231

SVM

76.489

63.5804

69.8024

69.9572
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Table IV: Accuracy of meta-learners on three independent
groups of 25 species.
Method

1 Group

2

Bagging

92.4611

Boosting

92.3747

Stacking

90.6

nd

Group

rd

3 Group

Average

87.2852

87.7522

89.1661

87.5417

87.0491

88.9885

84.791

85.6641

Comparison of Meta-learners
100
80

Accuracy

st

87.0183

60
40
20
25 species

0
Bagging

As we can see from Table I., decision trees gave the best
performance for 15 species. For 25 species, Table III shows
that the Bayesian network performs best but the performance
of decision trees is still comparable. Also, when we compared
the performance for 15 and 25 species, we expected the
accuracy with 15 species to be much better compared with 25
species. This is because in a classification problem with 15
species the random guessing accuracy is expected to be 1/15
or 6.66%, which is higher than that for 25 species (only 4%).
However, we noticed that the accuracy for 25 species was not
much worse than that of 15 species.
For meta-learners, bagging and boosting perform better than
stacking. From the results we can see that the performance of
bagging and boosting is higher than J48. We also tried
bagging and boosting other classifiers such at the Bayesian
network but the best results were obtained with J48 as the base
classifier. Also, we can see that the performance of stacking is
almost equal to that of J48. From Tables II and IV, we can see
that the accuracy of the meta-learners for 15 species is higher
than that of 25 species.
Comparison of supervised learning algorithms
Accuracy
100
90
80
70
60
50
40
30
20
10
0

J48
Methods

25 species

Bayes
Decision
Net
Table

ANN

Naïve
Bayes

15 species
15 species

SVM

25 species

Fig 3. Comparison of accuracies of 15 and 25 species for
supervised
learners.

15 species
Boosting

Methods

Stacking
15 species
25 species

Fig. 4 Comparison of accuracies of 15 and 25 species for
meta-learners.
In [11], the authors used the Naïve Bayes classifier for
assigning reads to phylogenetic groups. The features used are
k-mer frequencies, and they vary „k‟ from 7 to 10. They
introduced prior knowledge of genomes by a preliminary 16S
survey. The Naïve Bayes classifier without any prior
knowledge performs with an accuracy of 32.9% for 7-mers
and it gradually increases to 43.9% as number of k increases
from 7 to 10. To improve the performance they used prior
knowledge and the assignment accuracies range from 57.4%
to 60.5% as the number of k-mers increase from 7 to 10. For
15 species we have an accuracy of 83.35% using Naïve Bayes,
with only five features and without the use of any prior
knowledge.

4

Future work

An extension to the work would be to implement a two
phase approach of classifying the sequence reads into
respective species first and then by using some statistical
analysis determine whether that sequence contains a gene or
not. We also plan to evaluate our results by adding more
features. Feature selection approaches such as wrapper
methods can then be used to improve the performance of the
various machine learning algorithms.
Finally, we are currently working on applying our approach
to sequence reads which are unknown. We take all the
sequence reads present in 15 species and to that set of
sequence reads we add reads of sequences from species which
are selected randomly and which are distinct from the 15
species that are selected above. We check to see how many of
these unknown sequence reads actually get classified as
unknown. This way we can simulate a real world problem of
mixed sequence reads. We can then evaluate the scalability of
the methods and see how well the algorithms perform on such
mixed data.
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5

Conclusion

The motivation behind this work is to see which machine
learning algorithm does well on classifying or binning the
metagenomic data. We address an important problem in the
field of bioinformatics, which is to observe relationships
among species. Our approach is to apply well known
supervised learners and also meta-learners to determine which
of the evaluated learning approaches is most accurate on this
task. The work is significant as we always have samples of
sequences which are mixed or which belong to different
species with metagenomic data. When we want to separate the
sequences so that they belong to different phylogenetic
groups, then this work can help significantly to decide which
machine learning algorithms to use.
In this article, we presented a novel approach for classifying
the sequences into the respective species by well known
machine learning algorithms. The features selected, though
only few, were clearly very good at differentiating the data.
The accuracy for all the three groups of each number of
species (15 or 25) is close, indicating the consistent
performance of the learning algorithms. Our results suggest
that decision trees can be used to bin the sequence reads in a
metagenomic sample. Furthermore, the performance of
decision trees can be slightly improved by bagging and
boosting. Also, the results indicate that machine learning
algorithms such as decision trees, Bayesian networks, decision
tables, artificial neural networks, support vector machines,
Naïve Bayes can greatly aid in the important task of binning
metagenomic data.
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Abstract - In the field of Bioinformatics, protein sequence
motif analysis has the potential to discover the role and
function of specific proteins. Many algorithms or techniques
to discover motifs require a predefined fixed window size in
advance. Due to the fixed size, these approaches often deliver
a number of similar motifs simply shifted by some bases or
including mismatches. For this problem, earlier work in this
field has produced a new Association Rule aptly named the
Positional Association Rule, which searches for frequent
distances appearing among motifs and motifs. In this work
we adapt this newly proposed association rules algorithm to
“cluster” the protein sequence motifs to solve the problem
generated by fixed window size approach.
Although
association rule based algorithms have been widely adapted
in association analysis and classification, few of those are
designed as clustering methods. We believe this paper will
provide future research a novel way to find patterns and
associations when dealing with protein sequences or similar
applications.
Keywords: Positional Association Rules, Protein Sequence
motif, Clustering, Distance Assurance.

1

Introduction

In Bioinformatics, one of the most important applicationfields of Data Mining, protein sequence analysis has the
prospective to determine the functionality of a protein. It is
particularly powerful in the areas involving large scale DNA,
RNA and Protein sequences. In order to identify sequence
motifs, most of the enumerative algorithms need to specify
the fixed size of the motif in advance. Because of the fixed
size, they often deliver a number of similar motifs (1)
including mismatches or (2) shifted by one base [13], which
is problematic. The major issue we try to solve in this paper
is the first problem, which can be explicitly explained as
some group of motifs may be similar to one another.
In the field of Data Mining, Association Rules [7, 8] are
used to extract important information from large repositories
of data.
They can determine reoccurring patterns in
sequences of data, based on an n item-set idea. For example,
association rules can discover the support and confidence of
“if A occurs, then B will occur”. Of course this can be
expanded up to three-set, four-set, and so on. An interesting
extension to the association rule in the Bioinformatics area is
regarding each DNA/protein sequence as a transaction and
sequence motifs as items which appear in the transactions. A

couple of papers apply association rules in this manner [11,
12]. One special property occurs if we treat DNA/protein
sequence as a transaction: the transaction itself exist an
ordering relation. Therefore, if we try to map the protein
sequence motifs (items) onto the protein sequences
(transactions), we may obtain the order of the occurring
motifs. While Association Rules play an important role in
extracting patterns and information from these protein
sequences, it is not enough. It is more important to discover
when motif A occurs, then after a certain distance d, motif B
occurs. And so in [1], a new Positional Association Rule was
proposed. It is an extension of the basic Association Rule
with a new added parameter named distance assurance. In
this paper we propose that one can use the Positional
Association Rule to perform Clustering so that we can find
group of motifs that are similar to one another. As a result,
the first problem generated from the fixed window size
approach can be solved. To the best of our knowledge, this
technique hasn't been implemented yet and the versatility of
Association rule is already proven in its application in
Association and Classification areas. We believe that
applying Association Rules in Clustering will offer new
interesting ways of analyzing data and hopefully expand on
the idea of Association Rules being a "jack of all trades" in
data mining research field.
The rest of the paper is organized as follows. An overview
of our method is in Section 2. Section 3 discusses our
Experiment setup. Section 4 is the Results and Section 5 is
the Conclusion.

2

Association Rules and Clustering
Method

2.1

Positional Association Rules Algorithm

In Data Mining, the Association Rule discovers frequent
item sets as rules given in the following format: (X => Y),
which basically means “if X occurs then Y occurs” while the
rules must pass several tests such as support and confidence.
They are defined as the following:
Support( X => Y ) = | X => Y | / | T |

(1)

Confidence( X => Y ) = | X => Y | / | X |

(2)

Where |T| is the number of transactions and |X| is the
number of times X occurs at least once in a transaction.
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|X
Y | is the number of times X and Y are both found in
the same transaction
When mining information from protein sequence motifs,
we found that to discover if motif A occurs, then motif B
occurs is not enough. Rather, to find if motif A occurs then
after a certain distance motif B occurs is more important.
And so in [1] a new algorithm was proposed: The Positional
Association Rule Algorithm. The research implemented the
basic Association rule with a new Minimum Distance
Assurance threshold. Distance Assurance implies,” If X
appears, then after the distance of d, Y appears” [1].
d

Distance Assurance( X => Y ) = | X

minimum confidence, we then test the distance assurance of
each. The basic rational behind clustering through Positional
Association Rules Algorithm is that if motif X and Y appears
on the same location of protein sequences frequent enough,
they should have shared a certain degree of similarity. Thus,
they belong to the same cluster. Therefore, to perform
clustering through Positional Association Rules Algorithm,
we simply need to search if the strongly associated motifs
previously found, both occurred in the same location. In
0

other words, X => Y.

d

=> Y | / | X | (3)

d

Where | X => Y | is the number of times in T that if X
appears, then after a distance of d, Y appears. Figure 1
shows the pseudocode for Positional Association Rule
Algorithm. Detailed description of the algorithm can be
obtained from [1].

Figure 2: Model for clustering by Association Rule
A model of our methodology is included in figure 2 which
shows the time line and procedure of using our techniques.
First four steps are trying to find all positional association
0

Figure 1: the Pseudocode of Positional Association Rule with the
Apriori concept

2.2

Clustering using Positional Association
Rules Algorithm

In this paper, we follow up on the previous work [1]
and propose that one can use the Positional Association Rule
algorithm to cluster the motif data to solve the “including
mismatches problem” caused by fixed window size approach.
In our data set, we map each discovered motifs from [5] onto
protein sequences. Then we run a simple association rule
algorithm on our data set. After finding the strongly
associated motifs that pass both our minimum support and

rules with distance equal 0. Based on all X => Y type of
rules, we construct a directed graph looks like figure 3 to
perform the motif clustering: for each node in the graph, find
all reachable nodes and regard these nodes as a cluster. In the
end of the process, remove all duplicated clusters. Figure 4
and 5 are part of enlarged picture from figure 3. Take figure
4 as an example, it has formed several clusters: “95, 125”,
“65, 190, 103, 66”, and “28, 234” are generated from the
right part of figure 4. On the left part of figure 4, it can
construct two similar but different clusters: “205, 93, 91, 271,
202, 64, 97” and “222, 91, 93, 217, 202, 64, 97”. Through
this example, we can show that the clustering through
Positional Association Rules Algorithm has the ability to
assign one data point to more than one cluster.

3
3.1

Experiment Setup
Dataset

The original dataset used in this work includes 2710 protein
sequences obtained from Protein Sequence Culling Server
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Figure 3: Directed graph generated from positional association rules based on minimum support, confidence, and distance
assurance equal to 20%, 70% and 50% respectively.
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amino acid residue in a sequence position for the multiple
sequence alignment. Twenty rows represent 20 amino acids
and 9 columns represent each position of the sliding window.
We also obtained secondary structure from DSSP [10], which
is a database of secondary structure assignments for all
protein entries in the Protein Data Bank, for evaluation
purpose.
DSSP originally assigns the secondary structure to eight
different classes. According to previous related research [5,
6], we convert those eight classes into three based on the
following method: H, G and I to H (Helices); B and E to E
(Sheets); all others to C (Coils).
343 different sequence motifs with window size of nine
generated from our previous work [5] are included in this
paper. The dataset actually used in this work comes from [1]
and contains more than 2000 protein sequence as transactions
vary in amount of Motifs (Items). Each transaction sequence
is sorted and organized by distance value, the items on the
same line having a distance of zero from one another. The
secondary structure data contained nine values for each 343
motifs, each value corresponding to its H, E, or C secondary
structure percentage.

3.2
Figure 4: Upper right quadrant of Figure 3

Dissimilarity Measure

The following formula is used to calculate the dissimilarity
between two sequence segments:
L

Dissimilarity=

N

∑∑ F (i, j ) − F (i, j )
k

c

(4)

i =1 j =1

Where L is the window size and N is 20 which represent 20
different amino acids. Fk(i,j) is the value of the matrix at row
i and column j used to represent the sequence segment. Fc(i,j)
is the value of the matrix at row i and column j used to
represent the centroid of a give sequence cluster. The lower
dissimilarity value is the higher similarity that two segments
have.

3.3

Structural Similarity Measure

Cluster’s average structure is calculated using the following
formula:
ws

∑ max(

p i , H , p i , E , p i ,C )

(5)

i =1

Figure 5: Bottom right quadrant of Figure 3

ws

(PISCES) [4]. It is the dataset that we used in [1,5] to
generate protein sequence motifs. No sequence in this
database shares more than 25% sequence identity. The
frequency profile from the HSSP [9] is constructed based on
the alignment of each protein sequence from the protein data
bank (PDB) where all the sequences are considered
homologous in the sequence database. For the frequency
profiles (HSSP) representation for sequence segments, each
position of the matrix represents the frequency for a specified

Where ws is the window size and Pi,H shows the frequency
of occurrence of helix among the segments for the cluster in
position i. Pi,E and Pi,C are defined in a similar way. If the
structural homology for a cluster exceeds 70%, the cluster
can be considered structurally identical [9]. If the structural
homology for the cluster exceeds 60% but lower than 70%,
the cluster can be considered weakly structurally homologous
[6]

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Results

specific X  Y sets that pass our set minimum confidence and
support. We found that a support of 20 percent and
confidence of 70 percent generated the optimum amount of
rules to fade into our Positional Association Rules Algorithm.
Since the purpose of our work is to cluster by association
rule, we only care about distance assurance where the
distance is equal to zero. In table 1 we see the different
distance assurances used along with the number of rules
generated from each.
After finding all strong association rules that passed our
predefined minimum support, confidence, and distance
assurance, we began to extract our clusters from the data set.
Firstly, we depicted a directed graph based on positional
association rules generated from a set of predefined
parameters. Secondly, for each node in the graph, we found
all reachable nodes and regarded these nodes as a cluster.
Thirdly, by removing the duplicated clusters, we could
determine the numbers of clusters generated. Lastly, after
passing each set of rules through our clustering algorithm, we
were confronted with an interesting trend in the number of
clusters as one can see in table 1 as well.
We see a rising and falling in the number of clusters as we
pass from our maximum number of rules to our minimum
number of rules (Figure 6). This is caused by our
overlapping style of clustering, which lays the possibility that
rules connecting clusters together drop off as they fail the
more strict distance assurances.
Figure 3, used as an example in the previous part of this
article, is a result of the rules generated with a distance
assurance threshold set at 50 percent. Some of the clusters
are distinct and exclusive, such as a Cluster (as seen in Figure
4) which only contains the motifs 95 and 215, while others
are more inclusive such as Cluster #6 which contains
seventeen motifs, with several overlapping clusters from
other antecedents. Of course, several cluster groups such as
the one pictured in figure 4 (motif #1) are isolated from the
majority of the motifs, with only a few incoming edges.
After analyzing each cluster generated in this work, we
found that the motifs in each cluster shared very similar
secondary structure similarity (Figure 7). It indicates that our
cluster approach is meaningful not only in primary sequences
but also in secondary structure information. We found that
the average secondary structure similarity hovered roughly
around 75 percent throughout our distance assurance
thresholds, although there is a very small upward trend of
about 1 percent over the course of the execution.

Table 1:Distance Assurances and their respective rules.
Distance No. Of Rules No. of
Assurance Generated Clusters
40%
226
25
45%
203
26
50%
186
31
55%
153
30
60%
100
30
65%
62
28
70%
37
24

Average Secondary
Structure Similarity
75.67%
75.03%
75.47%
75.41%
76.10%
76.18%
76.38%

35
Number of Clusters Generated

In order to perform clustering by Positional Association Rules
Algorithm, we begin by finding all strongly associated rules,
which pass minimum support and minimum confidence. Our
input file contains around two-thousand protein sequences as
transactions, with each transaction varying in number of
motifs each from the 343 generated in [5]. Treating each
specific motif as an item we associate until we find the

30
25
20
15
10
5
0
226
Rules

203
Rules

186
Rules

153
Rules

100
Rules

62
Rules

37
Rules

Figure 6: Number of Clusters per Rule Amount
80.00%
Average Secondary Structure
Similarity

4
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78.00%
76.00%
74.00%
72.00%
70.00%
40%

45%

50%

55%

60%

65%

70%

Distance Assurance

Figure 7: Secondary Structure per Cluster

5

Conclusion

In order to identify sequence motifs, most of the
enumerative algorithms need to specify the fixed size of the
motif in advance. Because of the fixed size, they often deliver
a number of similar motifs (1) including mismatches or (2)
shifted by one base. To solve the first problem, we propose
that one can use the Positional Association Rule Algorithm to
cluster protein sequence motifs in this paper. Since the
Positional Association Rule Algorithm was originally
proposed for solving the second problem caused by fixed
window size approach, it is highly possible that this algorithm
can be applied to solve both setbacks in one method.
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It is known that Association Rules can already be well used
in Classification techniques, and we prove that now it can
also be used for Clustering purposes. We believe that this
method can be useful for many researches in the field of data
mining and Bioinformatics, especially those revolving around
protein sequences.
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Abstract— This paper proposes two gradient based methods
to fit a probit regression model by maximizing the loglikelihood function. Using the property of the Hessian of the
objective function, the first method performs weighted least
square regression in each iteration of the Newton-Raphson
framework, resulting ProbitBoost, a boosting-like algorithm.
Motivated by the gradient boosting algorithm [9], the second
proposed approach maximizes the log-likelihood function by
updating the fitted function a small step in the gradient
direction, performing gradient ascent in functional space,
resulting the Gradient ProbitBoost. Both algorithms work in
the framework of additive model, and get the informative
variables and the classifier simultaneously. The proposed
algorithms are applied to cancer classification on 6 publicly
available datasets, and the results show that compared to
the alternative methods, the proposed algorithms perform
similar or better in terms of leave-one-out and 5-fold cross
validation error rates.
Keywords: probit regression, additive model, boosting, cancer
classification, cross validation

1. Introduction
Since cancer develops a cell’s genetic structure due to mutations to cells with uncontrolled growth patterns, extensive
research has shown that we might be able to identify cancer
by looking at the genetic level [1], [2], [11]. In a microarray
study we usually obtain the expression level of thousands of
genes, based on which the decision can be made regarding
whether or not this is a patient with cancer.
This paper focuses on the supervised setting for cancer
classification, that is, we are given a set of gene expression
data along with the labels, and the purpose is to find a decision rule from the given data in order to make predictions on
the future data. Different classification methods from statistics and machine learning communities have been applied
to cancer classification, for example, Fisher’s discriminative
analysis [7], [14], Support Vector Machines [3], [13], [14],
maximum likelihood method [7], Boosting [3], [6], [7], [14],
among others.
Although we can obtain the expression level of thousands
of genes, due to the high cost of experiments, we usually

Weixiang Liu
Department of Biomedical Engineering
School of Medicine, Shenzhen University
Shenzhen, Guangdong, 518060, China
wxliu@szu.edu.cn
have a limited number (50 – 100) of samples. As such,
it is desirable to automatically select and combine most
informative genes in a single algorithm, and this was also
considered in the existing approaches, for example, in [6],
[13], [18].
Probit regression is appropriate for fitting a binary response model for classification. In [15], [22], probit regression was employed together with Baysian inference for
cancer classification and gene selection, while [5] integrated
probit regression model and Baysian inference in reproducing kernel Hilbert space to perform the same task. However, Baysian inference always involves MCMC algorithms,
which are very time consuming, even in the decision making
stage, and this is always not desired in applications.
In the additive model framework, this paper proposes
two methods to maximize the log-likelihood function of
probit regression model. Using the property of the second
derivative of the log-likelihood function, the first method
performs weighted least square regression in each iteration
of the Newton-Raphson framework, resulting a boostinglike algorithm, which is called ProbitBoost. Motivated by
the gradient boosting algorithm [9], the second proposed
approach iteratively maximizes the log-likelihood function
by updating the fitted model a small step in the gradient
direction, performing gradient ascent in functional space,
yielding Gradient ProbitBoost. Both algorithms obtain the
informative variables and the classifier at the same time.
The proposed ProbitBoost and Gradient ProbitBoost are
tested on 6 publicly available datasets for cancer classification based on gene expression data. The experimental results
show that compared to the alternative methods, the proposed
algorithms achieve better or similar performance in terms of
leave-one-out and 5-fold cross validation error rates.
The rest of this paper is organized as follows: Section
2 reviews the probit regression model for binary response,
and the interpretation of boosting algorithm as functional
gradient descent is also introduced; Section 3 derives the
proposed ProbitBoost and Gradient ProbitBoost algorithms;
and Section 4 presents the experimental results on 6 datasets,
and the comparison to the alternatives is also presented;
finally, Section 5 summarizes this paper and discusses the
future work.
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2. Background
2.1 Probit Regression Model
In classification problems, we have binary response variable Y ∈ {0, 1}, and the d-dimensional predictor vector
x ∈ Rd . The probit regression model assumes the posterior
probability of Y given x has the form
P (Y = 1|x) = Φ (f (x)) ,

(1)

where f (x) is a function of the input vector x, and Φ(·) is
the standard normal cumulative distribution function, i.e.
Z z
Φ(z) =
ϕ(t)dt
(2)
−∞

with

z2
1
ϕ(z) = √ e− 2 .
2π
Note that Eqn. (1) can be rewritten as

Y

Boosting [8] is a classic algorithm in pattern classification
and is well known for its simplicity and high accuracy. The
powerful feature selection mechanism of boosting makes it
suitable to work in high dimensional spaces. Friedman et
al. [9], [10] developed a general statistical framework which
yields a direct interpretation of boosting as a method for
function estimation, which is a “stagewise, additive model”.
Consider the problem of function estimation
f

P (Y |x) = Φ (f (x)) (1 − Φ (f (x)))

,

(3)

therefore the log-likelihood function is
l(f ) = Y log Φ(f (x)) + (1 − Y ) log(1 − Φ(f (x)))
= Y log Φ(f ) + (1 − Y ) log Φ(−f ),
(4)
where we slightly abuse the usage of notation by letting
f = f (x), which is clear from the context. Eqn. (4) is
true because 1 − Φ(f ) = Φ(−f ) from the symmetry of
the standard normal distribution. It follows from Eqn. 1 that
P (Y = 1|x) ≥ 0.5 ⇔ f (x) ≥ 0,

(5)

and this enables us to use sign(f (x)) as the classifier in the
decision making stage.
To fit the probit regression model, we would like to
find f (x) such that the expected log-likelihood function is
maximized:
E[l(f )|x] = E [Y log Φ(f ) + (1 − Y ) log Φ(−f )|x] . (6)
Unfortunately, the expected log-likelihood (6) is usually
unknown because the related distributions are unknown. Instead, suppose we have a set of data {(xi , Yi ), i = 1, · · · , n},
we usually maximize the sample log-likelihood function (7)
to find f (x):
n

X
ˆl(f ) = 1
[Yi log Φ(f (xi )) + (1 − Yi ) log Φ(−f (xi ))] ,
n i=1
(7)
i.e., the fitted function f ∗ can be obtained by
f

2.2 Boosting as Functional Gradient Descent

f ∗ (x) = arg min E[ρ(Y, f (x))|x],

1−Y

f ∗ = arg max ˆl(f ).

number of variables. More importantly, using IRWLS to fit
probit regression model does not enable us to select the
most informative variables, which is not desired in certain
applications.

(8)

Traditionally, maximizing the sample log-likelihood function (7) can be solved via an iteratively re-weighted leastsquares (IRWLS) approach [12]. However, the convergence
of IRWLS is not guaranteed especially if there are a large

(9)

where ρ(·, ·) is a loss function which is typically differentiable and convex with respect to the second argument. Estimating f ∗ (·) from the given data {(xi , Yi ), i =
1, · · ·P, n} can be done by minimizing the empirical risk
n
n−1 i=1 ρ(Yi , f (xi )) and pursuing iterative steepest descent in functional space. This leads us to the generic functional gradient descent algorithm [9] as shown in Algorithm
1.
Many boosting algorithms can be understood as functional
gradient descent with appropriate loss function. For example,
if we choose ρ(Y, f ) = exp(−(2Y −1)f ), we would recover
the AdaBoost algorithm [10]; if we choose ρ(Y, f ) = (Y −
f )2 /2, we would result in L2 Boost [4].

3. Fitting Probit Regression Model by
Gradient Ascent
3.1 Gradient and Hessian of the Expected Loglikelihood
To fit probit regression model, we will maximize the
sample log-likelihood function Eqn. (7) by gradient ascent.
Before we propose the algorithm, let us first investigate
the ideal case, i.e. maximizing the expected log-likelihood
by gradient ascent. In the Newton-Raphson framework, we
proceed in an iterative fashion with:
f [m+1] (x) = f [m] (x) − D(f [m] (x))H −1 (f [m] (x)), (10)
where f [m] (·) is the fitted function at the m-th iteration, and
D(·) and H(·) are the gradient and Hessian of the objective
function, i.e., E[l(f )|x], respectively.
The gradient is calculated as:
¯ ¸
·
Y ϕ(f ) (1 − Y )ϕ(−f ) ¯¯
∂E[l(f )|x]
−
=E
D(f ) =
¯x
∂f
Φ(f )
Φ(−f )
¯ ¸
·
ϕ(f )(Y − Φ(f )) ¯¯
=E
x .
(11)
Φ(f )Φ(−f ) ¯
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Algorithm 1 Generic Functional Gradient Descent Algorithm
0: Initialize f [0] (·) with
n

f

1:

2:

[0]

1X
(·) = arg min
ρ(Yi , c),
c n
i=1

or set f [0] (·) = 0, and set iteration number m = 0.
Increase m by 1. Compute the negative gradient
∂
− ∂f
ρ(Y, f ) and evaluate at f [m−1] (xi ):
¯
∂ρ(Yi , f ) ¯¯
Ui = −
, i = 1, · · · , n.
¯
∂f
f =f [m−1] (xi )
Fit the negative gradients U1 , · · · , Un to x1 , · · · , xn by
the base procedure (e.g. the weak learner in AdaBoost):
{(xi , Ui ), i = 1, · · · , n} −→ g [m] (·).

3:
4:

[m]

[m−1]

[m]

Update the estimation by f (·) = f
(·)+νg (·),
where ν is a step-length factor.
Check the stopping criterion, if not satisfied, go to step
1.

Hessian is defined as:
½
·
¸¯ ¾
∂ ϕ(f )(Y − Φ(f )) ¯¯
∂D(f )
H(f ) =
=E
¯x
∂f
∂f
Φ(f )Φ(−f )
= E[h(f ) | x],
(12)
where
∂
h(f ) =
∂f

·

¸
ϕ(f )(Y − Φ(f ))
.
Φ(f )Φ(−f )

(13)

In the following derivations, we will use the relations,
Φ(−f ) = 1 − Φ(f ), ϕ(f ) = ϕ(−f ), and ϕ0 (f ) = −f ϕ(f ),
which follow directly form the property of standard normal
distribution.
When Y = 0, Eqn. (13) becomes:
¸
¸
·
·
∂ ϕ(f )(0 − Φ(f ))
∂
ϕ(f )
h0 (f ) =
=−
∂f
Φ(f )Φ(−f )
∂f Φ(−f )
−f ϕ(f )Φ(−f ) + ϕ(f )ϕ(−f )
=−
Φ2 (−f )
ϕ(f )[f Φ(−f ) − ϕ(f )]
ϕ(f )G0 (f )
=
=
,
(14)
2
Φ (−f )
Φ2 (−f )
with
G0 (f ) = f Φ(−f ) − ϕ(f ).
When Y = 1, Eqn. (13) becomes:
¸
¸
·
·
∂ ϕ(f )Φ(−f )
∂ ϕ(f )(1 − Φ(f ))
=
h1 (f ) =
∂f
Φ(f )Φ(−f )
∂f Φ(f )Φ(−f )
·
¸
∂ ϕ(f )
−f ϕ(f )Φ(f ) − ϕ(f )ϕ(f )
=
=
∂f Φ(f )
Φ2 (f )
ϕ(f )[−f Φ(f ) − ϕ(f )]
ϕ(f )G1 (f )
=
=
,
(15)
2
Φ (f )
Φ2 (f )
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with
G1 (f ) = −f Φ(f ) − ϕ(f ).
In summary, we have the second order derivative of the
log-likelihood function as
( ϕ(f )G (f )
0
if Y = 0
ϕ(f )GY (f )
Φ2 (−f ) ,
h(f ) = ϕ(f
= 2
(16)
)G1 (f )
Φ
((2Y − 1)f )
,
if
Y
=
1
Φ2 (f )
where
GY (f ) = − {(2Y − 1)f Φ[(2Y − 1)f ] + ϕ(f )}
We can further prove the following property of Hessian:
Proposition I: h(f ) < 0 for any value of f (x), thus the
Hessian of E[l(f )|x] is negative.

3.2 ProbitBoost: Fitting Probit Model by
Newton-Raphson
From Eqn. (10), the Newton-Raphson step for maximizing
the expected log-likelihood function is:
f [m+1] (x) = f [m] (x) − D(f [m] (x))H −1 (f [m] (x))
¯ i
h
[m]
)(Y −Φ(f [m] )) ¯
x
E ϕ(f
[m]
[m]
Φ(f
)Φ(−f
) ¯
= f [m] (x) −
[m]
E[h(f ) | x]
¯ i
h
ϕ(f [m] )(Y −Φ(f [m] )) ¯
E Φ(f [m] )Φ(−f [m] ) ¯ x
= f [m] (x) +
E[−h(f [m] ) | x]
¯ ¸
·
ϕ(f [m] )(Y − Φ(f [m] )) ¯¯
[m]
x
= f (x) + E−h
−h(f [m] )Φ(f [m] )Φ(−f [m] ) ¯
"
¡
¢¯ #
(Φ(f [m] ) − Y )Φ2 (2Y − 1)f [m] ¯¯
[m]
= f (x) + E−h
¯x ,
GY (f [m] )Φ(f [m] )Φ(−f [m] ) ¯
(17)
where we used the notation Ew (·|x) for the weighted conditional expectation [10] with
Ew [g(x, y) | x] =

E[w(x, y)g(x, y) | x]
.
E[w(x, y) | x]

(18)

Eqn. (17) uses the weight −h(f ), which is reasonable for
being a weight function since h(f ) < 0 by Proposition I.
We define a transformed response variable as
Y∗ =

(Φ(f ) − Y )Φ2 ((2Y − 1)f )
,
GY (f )Φ(f )Φ(−f )

(19)

then Eqn. (17) shows that in each step, we just need to fit
a weighted least square regression for updating the fitted
function.
The above procedure can be translated from population
version to sample version, resulting Algorithm 2 which is
called ProbitBoost because the procedure is like that of
AdaBoost [8], L2 Boost [4], and LogitBoost [10].
We can prove that the weight function has the following
property:
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Proposition II: For any value of f (x), the weight function

Algorithm 2 ProbitBoost Algorithm

ϕ(f )GY (f )
W (f ) = −h(f ) = − 2
Φ ((2Y − 1)f )

0:

falls in [0, 1]. Furthermore, W (f ) is increasing for Y = 0,
and decreasing for Y = 1.

2:

1:

1

Given data {(xi , Yi ), i = 1, · · · , n} with xi ∈ Rd and
Yi ∈ {0, 1}; initialize f [0] (x) = 0.
for m = 1 to M do
Calculate the transformed response as
h
i
[m−1]
[m−1]
(Φ(fi
) − Yi )Φ2 (2Yi − 1)fi
Yi∗ =
[m−1]
[m−1]
[m−1]
GYi (fi
)Φ(fi
)Φ(−fi
)
[m−1]

3:

weight

0.8
positive examples
negative examples

0.6
0.4

Wi = −
4:
5:
6:
7:

0.2
0
−10

−5

0
fitted value

5

10

Fig. 1: The weights as a function of fitted value, for positive
examples (solid line) and negative examples (dashed line).
Fig. 1 shows the plots of the weight functions of positive
and negative examples, as fitted values. From Proposition II
and Fig. 1, we can observe that, when the algorithm makes
a mistake at the current stage (f < 0 for positive example,
f > 0 for negative example), the weight for this example
will be
2
w > W (0) = > 0.5,
π
that is, the algorithm will focus more on this wrongly classified example in the next iteration. If the algorithm makes
further mistake, i.e., for positive example, f decreases; for
negative example, f increases, then the weight for this
example is increased, forcing the algorithm cares more about
this example in the next iteration. These properties are
desired for the algorithm to have good performance.

3.3 Gradient ProbitBoost: Fitting Probit Regression Model by Functional Gradient Ascent
Since the purpose of fitting probit regression model is
to maximize the sample log-likelihood function Eqn. (7),
this enables us to work in the framework of functional
gradient algorithm [9]. Let the cost function ρ(·, ·) be the
log-likelihood function l(Y, f ) defined in Eqn. (4). Since
the purpose is to maximize the objective function, different
from [9], we perform gradient ascent in functional space
in each step. Thus, in each iteration, we approximate the
gradient vector rather than the negative gradient vector. The

where fi
= f [m−1] (xi ).
Calculate weight by
ϕ(f [m−1] (xi ))GYi (f [m−1] (xi ))
£
¤
Φ2 (2Yi − 1)f [m−1] (xi )

Fit a function hm (x) by weighted least square regression of Yi∗ on xi with weights Wi .
Update the function f [m] (x) = f [m−1] (x) + hm (x).
end for
Output the classifier sign(f [M ] (x)).

Algorithm 3 Gradient ProbitBoost Algorithm
0:
1:
2:

3:

Given data {(xi , Yi ), i = 1, · · · , n} with xi ∈ Rd and
Yi ∈ {0, 1}; initialize f [0] (x) = 0.
for m = 1 to M do
∂
Compute the gradient ∂f
l(Yi , f ) and evaluate at
[m−1]
f
(xi ):
¯
ϕ(f )(Yi − Φ(f )) ¯¯
Ui =
, i = 1, · · · , n.
Φ(f )Φ(−f ) ¯f =f [m−1] (xi )
Fit the gradient vector U1 , · · · , Un to x1 , · · · , xn by
the base procedure:
{(xi , Ui ), i = 1, · · · , n} −→ g [m] (·).

4:
5:
6:

Update the estimation by f [m] (·) = f [m−1] (·) +
νg [m] (·), where ν is a step-length factor.
end for
Output the classifier sign(f [M ] (x)).

obtained algorithm is called Gradient ProbitBoost and listed
as Algorithm 3.
Similar to [9], we let the base procedure be h(x, a), where
a is a parameter vector. Then the third step in Algorithm 3
can be performed by an ordinary least square regression:
am = arg min
a

n
X

2

[Ui − h(xi , a)] ,

(20)

i=1

hence the function g [m] (x) = h(x, am ) can be regarded as
an approximation of the gradient in the functional space. In
step 4, the step-length factor ν can be determined by line
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search
ν = arg max
γ

n
h
i
X
l Yi , f [m−1] (xi ) + γg [m] (xi ) .

(21)

i=1

However, the line search algorithm is time consuming,
instead, in each iteration, we update the fitted function
f [m−1] (·) by a fixed step. To guarantee the performance of
the resulting model, we fix ν at a small value as suggested
by [9]. Step 4 in Algorithm 3 performs gradient ascent in
the functional space.
By using certain types of base learner (e.g. decision stump
[6]), both ProbitBoost and Gradient ProbitBoost enable us to
select the most informative variables and obtain the classifier
simultaneously.

4. Experimental Results
We test the proposed algorithms on 6 publicly available datasets: Leukemia [11], Estrogen [19], Colon [2],
Lymphoma [1], Prostate [17], and DLBCL [16]. For the
comparative purpose, we mainly considered several popular
boosting based classifiers since the proposed algorithms
are both boosting-like. The considered classifiers include
AdaBoost [8], L2 Boost [4], and LogitBoost [10]. All the
algorithms used decision stump [6] as base learner. In all the
experiments, the step size parameter in Gradient ProbitBoost
is set to be ν = 0.1.
Since all the datasets have small size N (see Table
1), leave-one-out (LOO) cross validation is carried out to
estimate the classification accuracy. That is, we put aside
the i-th observation and train the classifier on the remaining
(N − 1) data points. We then apply the learned classifier
to get Ŷi , the predicted class label of the i-th observation.
This procedure is repeated for all the N observations in the
dataset, so that each one is held out and predicted exactly
once. The LOO error number and rate are determined by
NLOO =

N
X
i=1

I(Ŷi 6= Yi ) and ELOO =

N
1 X
I(Ŷi 6= Yi ),
N i=1

where I(·) = 1 if the condition in the parenthesis is correct,
and 0 otherwise.
Tables 1 shows the LOO classification error numbers and
rates of the considered classifiers on the 6 datasets, and the
best performance is displayed in bold. From Table 1, it is
readily observed that on 5 out of 6 datasets, ProbitBoost has
the best performance or very close to the best performance.
Gradient ProbitBoost performs very similar to ProbitBoost,
usually with only one more misclassification.
Yang et al. [21] reported the performance of SVM on
Leukemia, DLBCL, and Prostate datasets, and the LOO error
rates are 2.78%, 5.19%, and 5.90%, respectively. Compared
to SVM, the proposed ProbitBoost and Gradient ProbitBoost
perform better or the same. Furthermore, [21] performed
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gene selection as a preprocessing step while the proposed
algorithms did not have such a preprocessing step.
In LOO cross validation, the training and testing sets are
highly unbalanced, which will affect the evaluation result.
To provide more thorough results, we have also conducted
5-fold cross validation (5-CV), in which each dataset was
randomly partitioned into 5 parts of roughly equal size. In
every experiment, one part was used as the testing set, and
the other four parts were used as the training set. For each
algorithm on every dataset, Table 2 lists the mean error rate
and the standard deviation of the error rates of the 5 runs,
and the best performance is displayed in bold. From Table 2,
we observe that ProbitBoost yields the best performance on
3 out of the 6 datasets, and Gradient ProbitBoost achieves
the best performance on the other 3 datasets.
In summary, compared to the alternative boosting like
procedures, the proposed ProbitBoost and Gradient ProbitBoost algorithms have similar or better performance on the
6 publicly available datasets in terms of Leave-one-out and
5 cross validation error rates.

5. Conclusion and Future Works
This paper presents two algorithms to fit a probit regression model for binary response by maximum likelihood method. The first approach, ProbitBoost, is based on
Newton-Raphson method, which updates the fitted model
by a weighted least square regression in each iteration. The
second algorithm, Gradient ProbitBoost, is inspired by the
idea of gradient boosting [9], and updates the fitted model in
the gradient direction by a small step in each iteration. Both
algorithms obtain the informative variables and the classifiers
at the same time. The proposed ProbitBoost and Gradient
ProbitBoost were tested on 6 publicly available datasets for
cancer classification based on gene expression data. The
leave-one-out and 5-fold cross validation error rates show
that ProbitBoost and Gradient ProbitBoost perform better
than or similar to the alternatives in literature.
As stated, the proposed algorithms select the informative
genes in the model fitting procedure. Therefore, as the next
step, we plan to study the genes selected by the ProbitBoost
algorithms, and compare the results to the genes selected by
SVM [13], [18], AdaBoost [3], and other methods in [14],
[21]. In applications, we often face the multi-class situation,
and this happens in classifying multiple types of cancer with
gene expression data [6], [22]. As such, we will also develop
the multi-class version of ProbitBoost algorithms, like multiclass Adaboost and LogitBoost [10].
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Dataset
Leukemia
Estrogen
Colon
Lymphoma
Prostate
DLBCL

Size
72
49
62
96
102
77

Npos
25
25
40
62
52
58

Nneg
47
24
22
34
50
19

L2 -Boost
9 (12.5%)
3 (6.12%)
10 (16.13%)
14 (14.58%)
7 (6.86%)
7 (9.09%)

AdaBoost
3 (4.17%)
5 (10.20%)
11 (17.74%)
8 (8.33%)
7 (6.86%)
5 (6.49%)

LogitBoost
2 (2.78%)
6 (12.24%)
10 (16.13%)
12 (12.50%)
5 (4.90%)
3 (3.90%)

ProbitBoost
2 (2.78%)
4 (8.16%)
10 (16.13%)
11 (11.46%)
4 (3.92%)
3 (3.90%)

Gradient ProbitBoost
3 (4.17%)
5 (10.20%)
10 (16.13%)
12 (12.50%)
5 (4.90%)
4 (5.19%)

Table 1: The leave-one-out testing results of the considered algorithms on the datasets. All the algorithms were ran for 100
iterations so that the training errors were achieved 0. For each algorithm, the number of classification errors are provided
and the error rates are listed in parentheses. The size of each dataset, the numbers of positive and negative examples are
also given. The best performances are displayed in bold.
Dataset
Leukemia
Estrogen
Colon
Lymphoma
Prostate
DLBCL

L2 -Boost
mean
std
10.00% 3.91%
15.55% 9.30%
25.00% 10.21%
15.79% 5.77%
13.00% 8.94%
14.67% 10.95%

AdaBoost
mean
std
2.86% 8.15%
8.89% 9.30%
21.67% 9.50%
8.42% 4.71%
11.00% 8.54%
8.00% 2.98%

LogitBoost
mean
std
7.14%
8.75%
13.33%
6.09%
16.67% 10.21%
9.47%
4.40%
7.00%
4.47%
10.67%
7.60%

ProbitBoost
mean
std
4.28%
3.91%
8.89%
9.30%
16.67% 10.21%
7.37%
3.91%
5.00%
3.54%
6.67%
6.67%

Gradient ProbitBoost
mean
std
2.86%
3.91%
11.11%
11.11%
19.99%
7.47%
8.42%
4.40%
3.00%
4.47%
5.33%
5.58%

Table 2: The 5-fold cross validation mean error rates and the standard deviations of the considered algorithms on the datasets.
All the algorithms were ran for 100 iterations so that the training errors were achieved 0. The best mean error rates for a
dataset are displayed in bold.
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Abstract - The latest inclination of classifying the
Electroencephalographic dataset using machine learning
methods has an effectual implication in Brain Computer
Interfacing Systems. The precedent studies have proposed
diversified mechanisms for recording the human brain
activity for generating control signals using taxonomical
techniques. Moreover, efficacious and optimized ways to
preprocess the signals and to learn hidden patterns for
evolving a classifier have been put forward. Designing of
such systems requires, handling two most of the
influential perspectives in BCI Framework i.e. signal
preprocessing and classifier learning. The prior studies
have itemized a number of tactics to resolve issues in
signal preprocessing (particularly noise and artifacts
removal), preparation of training set and classifier
learning. Unfortunately, the accessible methods have
limited efficiency, prediction accuracy and longer
training time due to less deep comparative analysis for
classification tasks. Therefore, systems are developed by
using empirical methods by considering limitations on
theoretical models. This paper analyzes and discusses
these limitations and challenges in order to suggest a new
combined approach of Brain Computer Interface (BCI)
classifiers. The exhibited research in this paper
emphasizes on the need of the development of more
robust, adaptive and noise tolerant machine learning
schemes for the development of such systems.
Furthermore, this survey proposes the implementation of
Common Spatial Pattern (CSP) method for feature
extraction with stacked ensemble learning technique to
elaborate systematic and authentic classifier to generate
control signals in order to regulate the external devices
interfaced with human brain. Hence, the present work
brings novel contribution to machine learning techniques
by overcoming the limitations of available methods and
through introducing new robust and effective means.
Keywords:
EEG based BCI, SVM, HMM, LDA, MLP, Feature
Extraction Methods

1. Introduction
Brain Computer Interface (BCI) provides framework
which relies on thoughts [1] to interlink human brain and
machine. BCI communications is a recent trend to
convert the electroencephalographic signals into a
specific command [2] which may be referred as control
signal for those kinds of people who may have physical

muscular motor disabilities. Lotte .F et al. has discussed
six steps of BCI framework i.e. (1) Acquisition of Brain
Activity- Many kinds of electromagnetic sensor or
electrodes like EEG cap are used to record human brain
activity [3] in this step, (2) Signal Processing- After
capturing the EEG signals there is a need to clean them
by performing signal conditioning [4], (3) Feature
Extraction- In this step particular set of signal attributes
or properties are captured and after that most relevant set
of properties are selected [4], (4) Classification or Feature
Translation- In this step the most relevant set of selected
features is classified to identify the mental state [5], (5)
Translation into Command- After identifying the mental
state some set of decision making rules in the form of
command is attached with translated command in order to
control the BCI applications. This command may be
called control signal [6] and (6) Feedback- In this step the
output action feedback is acquired [2].
There is a large inclination towards using
Electroencephalogram (EEG) in BCI domain for
classifying the brain activity [7]. EEG signal
classification can be perform with the machine learning
methods like Support Vector Machine (SVM), Linear
Discrimimant Analysis (LDA), Hidden Markov Model
(HMM), K- Nearest Neighbor (KNN), Artificial Neural
Networks (ANN) and Multi Layer Perceptron (MLP) [5],
[4].
BCI features are mostly noisy, non-stationary with
outliers, high dimensionality, time variations and contain
small training set for processing and learning EEG data
[5] [8] which results into inaccurate classifiers [5]. Hence
it is necessary to figure out that which ensemble
classification method of machine learning techniques can
be robust, noise tolerant and efficient to handle these
kinds of limitations with effective accuracy under suitable
feature extraction method.
This paper introduces stack based ensemble classification
method to handle these kinds of problems under the
strong comparative analysis of both “features problems”
as well as “classifiers problems”.

2. Literature Review
To convert brain activity into command we can use either
regression [9] or classification algorithms [10]. The
classification methods are most commonly used to
identify the brain activity as a pattern [11].
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It has been shown in [12] that various signal recording
methods such as Functional Magnetic Resonance
Imaging (FMRI), Diffusion Magnetic Resonance Imaging
(DMRI) and Electroencephalography (EEG) can be used
to acquire signals from human brain. Whereas the studies
[22], [5], [4] claim that EEG is a best method and most
commonly used these days. After capturing the EEG
dataset, it has been noted that the time variations, noise
and artifacts are highly associated with EEG dataset
which cause classification accuracy [13]. To handle these
kinds of the challenges, the next step in BCI is the signal
processing which is based on the following steps (1)
Signal Conditioning (2) Feature Extraction and (3)
Feature selection. The evidence of these steps has been
provided in [14].
The study conducted by [15] claims that preprocessing is
necessary to remove unwanted frequency and intensity
associated with the recorded signal. To remove artifacts
and de-noise, the acquired signal requires the
implementation of signal conditioning. To extract
features from the cleaned signal, feature extraction is
performed from three different kinds of domains; i.e.
Time Domain, Frequency Domain and Energy Domain
[15].
In 2007, Kessler S. S. has shown in [14] that after
extracting the feature patterns, feature selection is done
by selecting the representative patterns of feature which
vary in properties or characteristics [5]. At the time of
selecting the feature we have to take into account this fact
that the selected set should not be so large for purpose of
avoiding errors and saving training time. Feature
extraction and feature classification steps have key
importance in the classification task.
In 2007, signal processing survey [4] has been published
on Common Spatial Patterns (CSP), Principal Component
Analysis (PCA), Independent Component Analysis
(ICA), Spectral Parameters and Adaptive Autoregressive
(AAR). This paper only considered two most widely used
feature extraction methods PCA (Mina Taheri et al. 2009)
& CSP (Qibin Zhao et al. 2009) for comparative analysis
because for desired EEG dataset, these two are most
commonly used. Is has been shown that CSP is well
know and powerful classifier for EEG and similarly Mina
Taheri et al. indicated that PCA is widely used for pattern
recognition and signal processing. Therefore, these two
latest methods are chosen for desired situation.
After signal preprocessing the next step is to distinguish
or classify them in BCI systems. The utilities used for this
purpose are called classifiers. These classifiers follow
their own algorithms and sometime called BCI
algorithms. In 2007, Sun. et al reviewed the ensemble
machine learning methods [16] and have indicated that
the performance of ensemble methods are subjected to

the usage of classification methods. Many classifiers,
(Hidden Markov Model (HMM), Linear Discriminant
Analysis (LDA), Multi- Layer Perceptron (MLP), Neural
Network Classifier (NNC), K- nearest Neighbor (KNN)
and Support Vector Machine (SVM) are the part of
published literature [5].
The accuracy is affected due to noise and artifacts. One
solution to overcome these kinds of problems is to
combine two or more classifiers according to their
properties that may contain the capability to cover the
drawbacks of EEG data variation factors [13]. Moreover,
it has been shown in [13] that how different kinds of
classifiers can be combined to get the desired results. For
example, two and three different kinds of classifiers have
been combined as follow in [13].
1.
2.

Principal component analysis(PCA) +Hidden
Markov Model(HMM)
PCA + HMM + Support Vector Machine(SVM)

The problem with this kind of solution is that PCA cannot
handle non stationary problem of BCI feature [4].
It is evident that single classifier accuracy is lacked due
to the classifier‟s own weaknesses but on the other hand,
the joint method provides the facility to remove the
weakness of each classifier in such a way that the
combination is selected by seeing the properties of both
classifiers to produce the desired results. The joint
approach of different classifiers is further supported by a
study which states that “combined classifier is almost as
effective as such an all-together classifier” [5]. It also has
been shown in [4] that the collective classifier approach is
better than the single classifier for achieving good
classification with great accuracy. Currently the methods
which are available to join the two or more classifiers are
as follows [5]:

1.
2.
3.
4.

Voting Method
Boosting Method
Stacking Method
Random Subspace Method.

3. Methodology
In the present study, the Classification methods (SVM,
LDA, HMM, KNN, MLP) , Feature Extraction methods
(PCA, CSP) and Classifier‟s combining methods (Voting,
Boosting , Stacking , Random Subspace) have been
reviewed by adopting the methodology as shown below
in Fig. 1.
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Basic Classifier’s Problems
Feature Extraction Problems + Training Set Problems
Comparison of Classifiers, Feature Extraction
Methods and Classifier’s Combing Methods
Over All Analysis
(Problematic, Performance)
Suggested Solution

Figure 1: Research Methodology

3.1 Basic Classifier’s Problems
Some problems related to BCI classifiers were reported
by [5] which can be summarized as follow:






Curse-of-dimensionality and Small Training Set:
Dimensionality means that features come from various
channels in different time intervals so that when size of
training dataset is small as compared to the size of
feature vector then classifier gives poor results [5].
Bias-Variance tradeoff: It is due to the noise of BCI
system i.e. biasness in mapping functions and variations
of training set that cause errors. As a solution, biasness
and variation must be removed
by using classifiers but the problem is that if we use
stable classifier it has high biasness and low variance
and if we use unstable classifier it has low biasness and
high variance [5].

3.2 Feature Extraction and Training set
Problems [5]
Features vary from subject to subject and system to
system. The focus in the present study is to record EEG
data from human brain. It has been witnessed that when
EEG features are captured then time variations, noise
and artifacts are highly associated with EEG data [13]
and consequently, the classification accuracy is affected
due to these factors. Similarly, some feature extraction
problems that are associated with features mostly, are
shown below:






Noise and outliers
High Dimensionality
Time Information
Non- Stationary
Small Training Set

3.2.1 Focusing Problem Sets - Table ( 3.1 )
Problem sets

Problems

Problem set-1
(BCI feature’s Problems)

Noise, non-stationary, outliers, high dimensionality, time variations and small training sets
of features [5] [8]

Problem set-2
(Classifier’s Basic Problems)

Curse of dimensionality, Bias Variance [5]

Problem set-3
(EEG dataset Problems)

Temporal Information, noise , artifacts [17] [5]

Table 3.1 is the desired focusing set of problems for which this paper suggests a hybrid machine learning approach for
robust classification of EEG data by adopting the strong comparative analysis.

3.3 Strengths and Weaknesses of Classifiers - Table (3.2)
Classifiers

Strengths

Weaknesses



 In testing phase SVM is slow [21]
 Contains high complexity = O(n2) but due to kernel trick it
becomes Low (Horváth (2003) in Suykens et al. p 392)
 Wastage of memory (Horváth (2003) in Suykens et al. p 392)
 If dataset is large then no solution to train it [21].
 Very slow in exhaustive hyper-training
 When the kernel is fixed then there is only one parameter for
classification that caused the error penalty [21].

SVM




Provides maximized margin (degree of separation)in
training data [18]
Provides best results when data contains nonregulatory attributes [19]
Due to the use of kernel SVM is flexible in
threshold separation [18]
Under suitable generalization it provides Best
accuracy even if data contains biasness[18]
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LDA







HMM






KNN








MLP
It is a type of
Neural
Network
Classifier
(NNC)





Best in classification and always provides single
unique solution rather than multiple solution [18]
Good in discrimination of data and provides
generalization performance [14]
Strong in computational efficiency specially
efficient in Classification Tasks [13]
Performs much better in case of multi –dimensional
and continuous features [20]
Generally, best in overall accuracy as compared
KNN, ANN [20].
It did not require repeated training again and again
[21].
Best for those BCI feature which contains noise and
outlier [22]
SVM may or may not have high variance depending
on the data set and the kernel used [9]
Low error rates [5]
BCI EEG data contains high dimensionality therefore
SVM gives good results in case of high
dimensionality and small training set [23] [24]
SVM is slower classifier rather than another
classifiers but luckily it very much fast in case of
real time BCI applications [11].
Provides both classification and regression facility
[61].
Mostly applied with success on Large number of
synchronous BCI problems [25]

 Rather than BCI real time data SVM is slow in execution speed
[5].

LDA performs best when data contains outliers and
noise [15].
Best in case of irrelevant data [15].
In training step it is fastest [18].
Useful in dimensionality minimizing [15].
Best in performance but not great in performance
than the other classifiers [15].
LDA can perform better than SVM in case of low
dimension feature space but not in perform better in
case of high dimensional feature space [26].
Gives great success for motor imagery based BCI
[27] like spell checking







In case of time series data it provides good temporal
classification [28].
Powerful probabilistic method so robust in
observation probability [28].
Well suited for BCI raw EEG classification [29].
HMM is extensively used for bio computation [13]
Allows the sequences themselves to guide the
alignment ( Gleb Haynatzki, Ph.D. Creighton
University March 31, 2003 )
HMM allows either discrete-valued observations
(discrete HMM) or real-valued observations
(continuous HMM). [13]
Fast in Execution speed [25].

 Contains high computational complexity [32].
 It requires memory O(N*M) [33].
 There is need to set huge parameter in HMM which cause
more storage capacity(Tan Lee, CUHK, 2005 ELE 5040).
 Sometime HHM‟s alignments are becomes ambiguous and
some regions are left un-aligned in the end ( Gleb Haynatzki,
Ph.D. Creighton University March 31, 2003 )

Robust to train noisy data [34].
Best choice in case of large data [34].
Very accurate solution for measuring the missing
values estimation [35].
Robust against data contains biasness due to
percentage of missing values [35].
Capable to predict both quantitative and qualitative
data [35].

 Computation cost is very high i.e. O(n2) because it calculates
the distance of each attribute to all training datasets [34].
 Needs more memory [34].
 Less accurate in case of multi dimensional datasets (with
large no. of attributes) and provides poor classification results
that referred as curse of dimensionality [34].
 Main issues is that how to choose best value of K [35]?
 Not greatly accurate as it has low performance in class
distinction [36].
 KNN has more error rate then SVM [8].
 Poor performance than SVM [8]
 Not popular in BCI due to curse of dimensionality problem
[22].

MLP do not used assumption or guess for decision
making it is capable to provide decision directly from
trained data [37].
Capable to learn complex decision boundaries [38].
MLP can be implemented by using both digital and
analog technique [38].
Good in classification performance but not good

 High complexity i.e. O(n2) [38].
 Only provides solution against linearly separate data[43]
 MLP is a weak learner because it can not always be used to
trained data without losing generality [39].
 Sensitive to overtraining, especially with such noisy and nonstationary EEG data [44].


LDA is highly complex in its structure [15].
Not great in performance as the other classifiers are [15].
Inefficient in case of classification [30].
Fail in case of small training set [15] [31]
Its performance becomes lacked if the no. of observations are
small [31].
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for discriminating the non class data [39].
Best in Signal Classification [40].
Capable to reduce signal noise [40].
Well suited for BCI signal pattern recognition [25]
Also well suited for all BCI „s problems such as
binary or multi class, synchronous or asynchronous
BCI [5].
Applied with success to motor imagery [48] and
mental task classification [42]
Applied with success to motor imagery [36] and
mental task classification [8], particularly during
asynchronous experiments [8] [45].








In above Table 3.2, the comparison informs that in order
to handle noise and outliers, bias variance and high
dimensionality of EEG for BCI systems, SVM is fastest
and well applicable. HMM is better for capturing the raw
EEG data with a capability of overcoming the time
variation in the same dataset. Whereas, LDA gives robust
classification accuracy on low dimensional dataset with
fast training speed. The combined usage of LDA and
SVM can handle the non-stationary problems related to
EEG dataset and LDA itself is well suited for motor

imaginary BCI tasks. On the other hand KNN contains
more error rate than SVM, low in performance and not
popular in BCI due to curse of dimensionality. MLP can
not perform good class discrimination and considered as
weak learner due its sensitivity of overtraining especially
with noisy and non stationary electroencephalographic.
On the other hand, ANN is slow in classification and
requires large memory and time for execution. Its
accuracy is degraded when noise increases on large scale.

3.3.1 Generalized Property comparison of Classifiers - Table ( 3.3 )
Categories
Linear Classifiers

Examples

Properties of Classification Methods

LDA, SVM




Use linear functions to distinguish classes [5].
Use a discriminant hyper plane to identify classes



Assumes normal distribution of the data, with equal covariance matrix for both
classes [5].
Maximize the distance between the two classes means and minimize the inter
class variance [46].
Its linearity provides poor results on complex nonlinear EEG data [47].



LDA





Non Linear
Classifiers
Bayesian learning (Bayes quadratic
, Bayesian Network and
Hidden Markov Model (HMM)
Input Output HMM)






Bayes quadratic assume various normal distribution of data that leads it to
quadratic decision boundaries [5]
Bayesian Network is unsuitable for online BCI [48]
Bayes Quadratic can be applied to motor imagery [49] and mental task
classification [50].
Popular dynamic classifiers in the field of speech recognition [17].
HMM provides the probability of observing a given sequence of feature
vectors [17].

Neural Network

Multilayer Perceptrons (MLP).

Nearest Neighbor
KNN


Combination of
Classifiers

Mahalanobis distance classifier







Enables to produce nonlinear decision boundaries
universal approximation algorithms
Can approximate any continuous function.
very flexible classifiers that can adapt to a great variety of problems
Equivalent to LDA and, as such, has been sometimes used for BCI
applications [51]

KNN is capable to assign unseen point to the dominant class in nearest neighbors
within the training set [52]
KKN uses “distance” as a metric [25].
suitable for multi class [24] or asynchronous BCI systems [46] But Not good in
performance for BCI applications

Boosting Combined approach with
MLP [53] and
Ordinary Least Square (OLS) [54]

Not successful in BCI applications due to insensible for mislabeled data

Stacking with HMM as level-0
classifier, and an SVM as metaclassifier [13];It is also called level
0 or Meta classifier.

Able to reduce variance and errors in BCI applications
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In the light of Table 3.3, SVM, LDA and RLFDA falls in
the category of linear classifier which use linear function
to discriminate classes and are mostly used in BCI design
[11]. Whereas, HMM and Bayesian are non linear
classifiers. Also, non-linear classifiers are less commonly
used as compared to linear classifiers for BCI application.
Neural network classifiers can be used for BCI but they
are not fast enough for real time BCI design. KNN and
Mahalanobis Distance Classifier (MDC) are categorized
into nearest neighbor in which KNN is not popular and
MDC does not show very good performance. Boosting
method of combining classifiers is not suitable in BCI but
voting and Stacking are suitable. Stacking method is able
to reduce variance and error in BCI applications.
Two most commonly used feature extraction methods are
(1) CSP- Common Spatial Patten and (2) PCA – Principal
Component Analysis. Where CSP is








Most commonly used signal enhancement method [4]
CSP is very efficient method for preprocessing stage [4],
particularly for BCI competition datasets (SGM+03, BMC+04,
BMK+06) as reported by [5]
It is able to remove signal noise [4]
In CSP, the output block is of same nature as input signal block
[4]
For preprocessing stage the CSP usage is 14% for BCI systems [4]
This method does not demand priori selection of subject-specific
frequency bands [4]
The major drawback of CSP is that it is sensitive to artifacts and
requires many electrodes and sensitive to electrode positions [4].

On the other hand PCA is



Most commonly used signal enhancement method [4].
CSP is widely used for preprocessing stage but mainly for
dimensionality reduction in feature selection stage [4].







It is able to remove signal noise [4] with an ability to maximize
class separation [5]
In CSP the output block is of same nature as input signal block [4].
The major drawback of PCA is that it cannot handle artifacts and
therefore less efficient as compared to CSP. Further it mainly
considers low order features only and thereby ignores the some high
order features. Consequently, there is a chance to miss some
important features [4].
PCA finds only linear subspaces and is not optimized for linear
class spa ratability and mostly used for feature selection stage to
reduce dimensions [4].

CSP is mostly used for feature extraction, whereas; PCA
can be used for feature extraction and preprocessing but it
is most suitable for feature selection [4]. The focus of this
paper is feature extraction rather than feature selection.
Another reason is that CSP is more efficient rather than
PCA and mostly used for feature extraction preprocessing
stage [4]. Similarly, there are some other discrepancies
that are associated with PCA. For example, it is less
efficient rather than CSP and it cannot provide a clear
distinction among various classes [4].

3.4 Overall Analysis
In the light of previous comparison Table 3.2 the
performance comparison of SVM, LDA, HMM and MLP
is performed in order to judge their computational
efficiency, accuracy, memory requirements and BCI
applicability.
The results of below Table 3.4 show that SVM is fast for
BCI application with tolerant complexity. The execution
speed of HMM is good. In case of accuracy once again
both SVM and HMM are good and well applicable for
BCI application.

3.4.1 Performance Analysis - Table (3.4)
Classifie
rs

Computation
Complexity

Accuracy

Speed

Memory
need

BCI Applica-bility

SVM

Initially high i.e. O(n2)
but becomes less due to
kernel tricks

Best

Classification = Fast
Testing
= Slow
Exhaustive
hyper-training
= Slow
Overall luckily very fast in
BCI application

Large

Yes

LDA

High computation and
structure complexity

In low dimensional feature
= High
In high dimensional feature
= Low

Classification = Slow
Training
= Fast

??

Yes for motor imaginary
BCI

HMM

High time complexity

Very accurate in time series
and Raw EEG data as
accuracy
depends
on
training

Fast in execution time

large

Yes applicable for BCI

MLP

O(n2)

Low learning accuracy

Good in Classification
Slow in discrimination

??

Yes
Applicable to all BCI

3.4.2 Accuracy comparison on Specific EEG features
Some available accuracy results of pervious studies on various datasets are summarized below in Table 3.5 in order to
find out the optimized accurate classifier.
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3.4.2.1 Accuracy comparison of classifiers - Table ( 3.5 )
Features

Classifier

Accuracy

Protocol / Dataset

ERD and Bereitschaft potential
based features [36]

Perceptron

84%

Finger on BCI Competition 2003 data
set IV

Activity in two brain regions with
LORETA [55]

Perceptron

83%

Finger on BCI Competition 2003 data
set IV

Raw EEG [56]

MLP

100%

Raw EEG [57]

TDNN
GDNN

<90%
~= 90%

Finger / TEO

Amplitude value of smoothed EEG
[25] [22]

KNN
Linear SVM
Gaussian SVM
RFLDA
LDA

78.4%
96.8%
93.3%
96.7%
96.3%

Finger on different datasets

Correlative time frequency
representation [47]

Gaussian SVM
LDA

86%
61%

Raw EEG [58]

HMM

Up to 77.5%

On BCI Competition 2003 dataset III

Raw EEG [23]

Voting with Linear
SVM
Linear SVM

100% with
4 repetitions
100% with
10 repetitions

On BCI Competition 2003 dataset III

Raw EEG [59]

Boosting with OLS
Gaussian SVM

100% with
4 repetitions
100% with
5 repetitions

Raw EEG + EEG time derivation
[11]

Gaussian SVM

~= 95%
10 repetitions

EEG Mental Tasks [48]

Bayesian network

Good

EEG mental Tasks [48]

Bayesian quadratic
classifier

Good but less than
Bayesian

speech muscles

Other data



Purdue dataset (6 subjects : Baseline Relax task ,
Letter task, Math task., Visual counting task,
Geometric figure rotation)
Graze dataset (Left and Right hand movement)

Graze dataset (Left and Right hand movement)

The above Table 3.5, describes the accuracy percentages of various classifies on specific EEG dataset in order to select
the more accurate classifier for the desired solution. The results show that SVM and LDA accuracy is more effective as
compared to all other classifiers. The accuracy of MLP is also good but it is mainly used for speech recognition task.

3.4.3 Overall Problematic Analysis
In the light of above comparison the present study has
found that HMM, SVM and LDA jointly can handle the
set of problems as indicated in Table 3.1.
The problematic analysis / solution Table (Table 3.6) is
the overall summary of this research, which has been
formed after a strong comparison and analysis of
classification method‟s problems, training set issues and
BCI feature related problems. If we apply this table to
currently available ensemble classifier‟s solutions then
these solutions become unreliable due to missing one or
more problems as indicated in below table and hence, the
classification accuracy is lacked. This study suggests the
following suitable classifiers to handle these kinds of
problems as summarized below.

3.4.3.1 Problematic Analysis and Solution
The solution Table 3.6 given below is the core
achievement of this study, which indicates the suitability
of different classifiers for different problems. To the best
of our knowledge, this is the first time that such an
extensive and detailed survey has been conducted which
suggests the most suitable combination of different
classifiers to handle maximum problems that one may
encounter from recording step of EEG signal until the
classification results are achieved. EEG data comes from
various channels (electrodes) which cause the presence of
high dimensionality, noise and outliers, bias variance and
small training set. SVM is well capable to handle these
issues as discussed in this chapter. In case of recording
the raw EEG data, HMM is well suitable because EEG
data greatly varies on different time intervals. Further,
non stationary problem can be handled with the combined
usage of LDA and SVM
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Solution Table (3.6)
Basic Classifiers + Feature Extraction and Training
set Problems

Suitable suggested Classifiers to handle problems

Curse-of-dimensionality as feature comes with various channels
in different time interval

HMM[28] [45] [60] & SVM[24] [23]

Bias Variance due to noise

SVM [5]

Noise & outliers

SVM [22]

High Dimensionality ( Feature Contains many attributes)

SVM[24] [23]

Time Information / Variations

HMM [17]

Non- Stationary

SVM + LDA can cover it [5]

Small Training Set


SVM[24] [23]
HMM [58] SVM[23]

EEG Pattern Classification with raw EEG data contains artifacts

3.5 Suggested Solution Or Results
This paper suggests a stack based ensemble classification
method which employs Common Spatial Pattern as
feature extraction method in order to record EEG datasets
of human brain. If we consider Table (3.6) as a set of
rules and apply to the existing solutions then all solutions
seem to be lacked because they do not take into account
all of the problems indicated and the desired set of
problems (see Table 3.1) cannot be handled until we
combine (HMM + SVM + LDA). The concluded solution
given below is able to handle all the problem sets of
Table (3.1 & 3.6). The suggested solution may play a
significant role in learning of efficient classifiers with an
effective accuracy.
Combination of Classifiers = HMM + SVM + LDA
Feature Extraction Method=CSP –Common Spatial Method
Classifier combing Method= Stacking Method

In case of proposing just LDA the following issues
remain unsolved:




In case of proposing (HMM + SVM) the following
problems cannot be handled:










Time Information



Non- stationary






Similarly, single HMM cannot handle the following
problems:






Bias Variance due to noise
Noise & outliers
High Dimensionality
Non- stationary
Small Training Set

Non- stationary
This problem can only be solved by combining the SVM +
LDA

Therefore, combining HMM with SVM and LD, all the
targeted problems (as summarized in table 3.1) can be
handled easily.

3.5.1 Justifications for the suggested Solution
The basic motive behind this study was to produce a
hybrid solution of classifiers under appropriate feature
extraction method by handling all problems as
summarized in Table 3.6. These problems cannot handled
by prior proposed solutions because, for example, if we
just propose SVM, then it is sensitive to cover following
kinds of issues (in the light of above discussion)

Time Information
Bias Variance due to noise
Small Training Set



BCI features are mostly noisy and contain outliers [8] so to
overcome this problem regularization is best suited therefore SVM
is more regularized and contains generalization capabilities.
BCI features are very unstable and contain great variances over
time, therefore SVM implements simple linear function with
tolerant variances and as a result classification error rate becomes
low.
BCI EEG data contains high dimensionality therefore SVM gives
good results in case of high dimensionality and small training set
[55] [11]
SVM is slower classifier rather than another classifiers but luckily
it very much fast in case of real time BCI applications [43].
Time series / temporal information causes decrement of
classification accuracy and this can be solved by HMM [17]. The
other reason of choosing HMM is; it is more robust (Dr. Haynatzki.
G. Creighton University March 31, 2003 )
Sometime BCI features change over time that is handle by the
HMM and SVM but BCI features are not fully stationary [29]
which means sometime BCI features are non-stationary that cannot
be solved without the combination of SVM + LDA [9], the other
reason is that the combination of LDA and SVM is outperformed
[5] and it is fast in training [15] and give highly accurate results in
low dimensional [26] space that‟s why at the last we use LDA as
meta classifier because the high dimensionality has been removed
by SVM before giving the datasets to LDA.
Two feature extraction methods (PCA, CSP) are reviewed but
the reason for choosing the CSP is that it is efficient method
than the PCA and most commonly used in BCI studies for
preprocessing stage to extract the BCI feature [4].
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Four classifiers combining methods are reviewed in this
work but the Stacking method is suggested because in
this method each classifier can be applied on full datasets
rather than randomly selected sub samples and it does not
need more training for voting purpose. By this method
each classifier can perform well and remove the problems
on which other classifier cannot perform well. This
means that before giving the data to the next classifier,
the data is ideal case in which classifier can perform with
better accuracy. Similarly, in the last stage, LDA is used
as meta classifier because LDA performs well on low
dimensional features set and the high dimensionality has
already been removed by the previous SVM Classifier, so
once again the input data becomes as an ideal case for
LDA to give well classification accuracy. This is
impossible to achieve under prior suggested classification
combing methods. Therefore, this study suggests
Stacking Method for ensembling the classification
methods.

technique is better in case human brain based applications
for evolving the classifiers.

4. Conclusion

6. References

An ensemble group of classifiers is better to achieve
effective classification accuracy than a single one. Two
steps i.e. preprocessing and classification are the
backbone of BCI architecture because after the
acquisition, the EEG signal has to bear different problems
at different stages as described in Table 3.1. Effective
classification accuracy with sufficient efficiency demands
to handle these kinds of issues but to date no such
solution of hybrid BCI classifiers exists to handle all
these problems. For the very first time, this paper has
suggested a solution to tackle maximum possible
problems (see table 3.6) which may come in front from
recording of EEG signal until the classification results are
achieved.
The issues of theoretical models can be controlled by
utilizing the proposed solution of this paper. The
proposed solution of BCI classifiers can fulfill the need of
noise tolerant preprocessing, robust classification
accuracy and effective efficiency for BCI systems. This
suggested hybrid solution can handle maximum possible
problems as indicated in (Table 3.1); whereas on the
contrary, all the prior suggested solutions are unable to
handle the indicated problems with such maximum
capacity.
The current work is a big step forward in terms of reading
human brain activity to make some intelligent decision
while using BCI system. In medical domain, this research
will be more beneficial for the developers to create
reliable BCI applications for people who have severe
motor disabilities and neurological disorder. This
research will help the researchers and practitioners of
BCI application to understand the issues involved in BCI
systems while acquiring and classifying EEG signals.
This work will further support the developers to design
accurate classifier in order to generate control signals to
regulate the external devices interfaced with human brain.
The researchers can get help to understand the working of
BCI to make an idea which kind of machine learning

5. Future Directions
BCI future wishes to see a classifier which contains the
sense to change its capabilities according to datasets; like
human beings, in this way perhaps, maximum efficiency
with measurable accuracy will be possible to achieve
with a single classifier rather than the two or three
classifiers. Similarly, the feature extraction method
should be merged into the same intelligent classifier in
the near future. Researchers are focusing to combine the
classifiers but still there is not a single unified classifier
available which has the capabilities of more than one
classifier. Genetic Algorithms may support to replace the
algorithms of classifiers with some intelligent
enhancements to achieve dynamic sensible behavior of
machine learning techniques.
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Abstract - One of the greatest challenges of Systems Biology
has been to accurately define and predict the 3D structure of
proteins. The proteins that occur in nature have very complex
structures and any mutation in these structures is a cause of
many diseases including the Alzheimer disease. Correct
prediction of a protein structure not only helps in
understanding the functionality of the protein, but also
explains why the abnormalities in its structure take place and
how they can be averted. Many methods have been used to
correctly predict the structures of proteins and each one of
them produces varied results under different conditions. An
analysis of these techniques will reveal their utility and a
comparison between them will make it possible to find out
which one of them is the most effective for predicting the
protein structures.
Keywords: Systems biology, prediction, protein structure,
secondary structure, neural networks.

1

Introduction

This is a survey paper that aims to analyze the different
techniques used for protein structure prediction and narrow
them down to those that produce the best and fastest results.
A basic protein structure is made up of a long polypeptide
chain held together by covalent forces. When different amino
acids attach to this chain covalent and non-covalent forces
among their molecules make the protein structure assume a
complex three dimensional shape. [1]
Proteins are made up of a set of 20 different amino acids also
referred to as residues, each with different chemical
properties. These amino acids can join together in any
sequence to create a new protein generally called a
polypeptide. Each polypeptide chain consists of a backbone to
which different amino acid side chains are attached. This
backbone is formed from the repeating sequence of atoms
along the polypeptide chain. The different side chains
attached to this backbone give the protein its unique
properties.
The long polypeptide chains are very flexible causing each
protein to fold in an enormous number of ways. However,

each folded chain is constrained by many different sets of
weak non-covalent bonds that form within proteins. These
bonds involve atoms in the polypeptide backbone as well as
atoms in the amino acid side chains. The non-covalent bonds
that help proteins maintain their shape include hydrogen
bonds, ionic bonds and van der Waals attractions. Another
important factor governing the folding of any protein is the
distribution of its polar and non-polar amino acids.
The protein structure can be determined experimentally but
this procedure has been successful for a small fraction of
known proteins. With the rapid progress in genome
sequencing, the gap between the known number of proteins
and those whose structure has been experimentally determined
has increased. One of the main tasks of computational systems
biology has been to predict this structure by using different
techniques. This problem is generally known as the protein
folding problem and it can be stated as, “given an amino acid
sequence, predict its three-dimensional structure” [3]. This is
however a difficult problem to solve due to the large number
of residues that comprise a typical protein and the structural
diversity of the 20 different amino acids that can be present at
each residue. If an amino acid has m different conformations
and the protein contains n residue, the total number of
conformations will be mn.
There are many different techniques that are used for this
protein structure prediction and each holds its own strengths
and limitations. The four popular methods include The ChouFasman method, the GOR method, Nearest Neighbour
methods, and Neural Networks. The aim of this paper is to
make a survey of these different techniques and to find out
which method is most suitable for predicting the protein
structure and yields the fastest results. For this reason this
paper will analyze different research methods adopted by
researchers and sort them based on the kind of problem they
address. This will narrow down the methods used for different
problems and give a better understanding of how the protein
structures can be accurately predicted using a combination of
these techniques.
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2

PROTEIN STRUCTURE

A proper understanding of the protein structure is mandatory
before we head into the details of methods used in predicting
a complex polypeptide sequence. There are billions of
proteins and each has its own amino acid sequence. However,
this sequence can be distributed into four aspects of protein
structure that constitute the complete protein fold. These
aspects are defined as follows:

2.1

Primary Structure

Each polypeptide chain consists of a backbone that supports
the different amino acid side chains. This backbone is formed
when a carboxyl group of one molecule combines chemically
with the amino group of another molecule to form a peptide
bond.
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β-sheets are made when hydrogen bonds are formed between
segments of polypeptide chains lying side by side. When the
neighbouring polypeptide chains run in the same direction, it
is called a parallel β-sheet, but when neighbouring chains run
in opposite direction, the structure is called an antiparallel βsheet.

2.3

Tertiary Structure

The coiling of a protein into its three dimensional shape due
to the presence of disulfide bonds, hydrogen bonds, ionic
bonds and van der Waals attractions is called its tertiary
structure. It is the tertiary fold of the protein that defines its
functionality.

Figure 1. Dehydration synthesis reaction forming a peptide
bond and releasing a molecule of water.
Figure 3. Disulfide bonds and non-covalent forces like
hydrogen bonds, ionic bonds and van der Waal attractions
cause the secondary structure to fold to form a tertiary
structure.

The repeated sequence of these molecules forms the
polypeptide backbone which is normally called the primary
structure.

2.2

Secondary Structure

The secondary structure consists of two folding patterns
known as α-helix and β-sheet. These patterns are particularly
common as they result from the hydrogen bonds formed
between N-H and C=O groups in the polypeptide backbone.
Since no residues are involved in forming these hydrogen
bonds, these patterns can be generated by many different
amino acid sequences and hence normally occur in protein
structures.
When a polypeptide chain winds around itself to form a
cylindrically rigid structure, an α-helix is generated. A
hydrogen bond is formed between every fourth peptide bond
when C=O of one peptide bond links to the N-H of another;
forming a regular helix with a complete turn every 3.6 amino
acids. The α-helices can be either right or left handed.

2.4

Quaternary Structure

Many proteins consist of more than one polypeptide chain
known as a protein subunit. Each subunit folds independently
and it is only by combining these folds together that we get
the complete quaternary structure of the protein in question.

Figure 4. When there is more than one amino acid chain in a
protein, the structure is called a quaternary structure.

3

PROTEIN STRUCTURE PREDICTION
METHODS

There are many methods that have been used over the years
with various degrees of success in predicting the protein
structure. These methods are discussed here and their relative
success rate has been compared.
Figure 2. When the sequence of amino acids is linked by
hydrogen bonds α-helices and β-sheets are formed.
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The Chou-Fasman Method

The Chou-Fasman method of protein structure prediction is
the most popular and commonly used method of all prediction
methods [4]. It is a statistical method based on the knowledge
about amino acid residues potential to form α-helical or βsheet regions in a protein structure. The accuracy of this
method is close to 50 – 60% for the protein structure
prediction [6]. The steps taken in the Chou-Fasman algorithm
are as follows:
1.

Calculate the propensities of all the 20 amino acids i from
a set of solved structures:

2.

After calculating propensities, each amino acid is labelled
as: helix-former, helix-breaker or helix-indifferent and
sheet-former, sheet-breaker or sheet-indifferent.

3.

When a sequence is input, the nucleation sites which can
be described as short sub-sequences with a high
concentration of helix-formers or sheet-formers, are
found.

4.

Nucleation sites are extended by adding residues at the
ends, maintaining the average propensities greater than
some threshold.

5.

Step 4 may create overlaps which are dealt with by using
some heuristic rules. [6]

Although this method is easy to understand, it has some
disadvantages associated with it. The statistics used for
prediction are naïve and the prediction rules are arbitrary.
Also, no physical theory is used for the designation of
secondary structure.

3.2

The GOR Method

The Garnier Osguthorpe Robson (GOR) method is considered
to be the most impressive statistical prediction method in
practice. To determine the structure of an amino acid position
j, the GOR method looks at 8 amino acids before that position
and 8 after. So if the amino acid under observation is a j then
the GOR method will look at residues aj-8 aj-7 aj-6 … aj … aj+6
aj+7 aj+8. It then assigns the structure based on the probabilities
it has calculated from the protein databases. These
probabilities are of the form:
Pr[ amino acid j is α| aj-8, … aj …, aj+8]
Pr[ amino acid j is β| aj-8, … aj …, aj+8]
This shows that an amino acid is either α or β based on the
amino acid structure around it; thus a GOR method looks at a
collection of 17 amino acids [6]. Over the years, the GOR
method has undergone many improvements and several

versions have been produced that improve its accuracy in
predicting protein structures. The fifth version of GOR
method known as GOR V has reached an accuracy of 73.5%
[10].
Although GOR method is robust, theoretically sound and its
computer implementations are readily available, the reasons
for designation of protein secondary structure are not directly
based on chemical and physical theory.

3.3

Nearest Neighbour Methods

Nearest Neighbour method is also known as the memorybased or the homologous method. It is based on the
hypothesis that the proteins that have a similar primary
structure will possess a similar secondary structure as well.
Although the basis for this hypothesis sounds workable, the
result is not always true as the secondary structure formation
is also based on long-range interactions [4].
The Nearest Neighbour method is easy to understand but the
complication lies in the selection procedure by which we
define how one protein sequence is similar to another; as a
result, this method scores only 64.5% accuracy [5].
The Nearest Neighbour method has had quite a few
improvements over the years. A number of k-nearest
neighbour approaches have been proposed and techniques like
Fuzzy k-Nearest Neighbour algorithm have produced a
sustained accuracy of 75.75% [8].
Predicting secondary structure on the basis of similarities is
simple and easy to understand and a large amount of data is
preserved. The same rules can also be utilized for protein
engineering. But it makes little use of chemical or physical
theory and no explanation about prediction is given. Also, it
has been known that short identical primary sequences often
have different secondary structures which make the use of this
algorithm inappropriate. In order to find the similar primary
structures, the algorithm has to search the known protein
database which makes this method computationally expensive
for prediction.

3.4

Neural Networks

Neural Networks is one of the most successful methods for
secondary structure prediction. The neural nets are trained to
recognize amino acid sequences in the known secondary
structure units and then these patterns are used to differentiate
between the various types of patterns. However, one of the
limitations of neural networks is their inability to deal with
very long sequences. There are several types of neural nets
that have been used for predicting protein structures which
will be discussed here to analyze their utility.
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3.4.1
Perceptron
A perceptron can be best described as a single node in a
directed graph having m different inputs and one output edge.
The inputs are x1, x2, ..., xm where each input has a respective
weight of w1, w2, ..., wm. Each input is multiplied with the
corresponding weight and then the perceptron adds the result
of this multiplication of each input vector to find out if the
result of this summation is greater than a certain threshold
value or not. If it is greater than the threshold, a +1 is given as
the output; otherwise a -1 is given as the output.
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3.4.2
PhD
PhD uses a combination of multiple sequence alignments
(MSA) and neural networks to arrive at its prediction. An
MSA aims to align protein or nucleic acid sequences both
heuristically and optimally. When a protein is input into a
PhD, it finds all the homologous proteins and creates a
profile. It then feeds this profile into a series of neural nets.
The PhD is designed on the following three observations [6]:
1.

Using multiple sequences is important.

2.

In predicting what is happening at a residue, it is
important to analyse the local window around it.

3.

α-helices and β-sheets always occur in runs (as we require
four α-helical residues to form an α-helix).

The architecture of PhD contains three levels, where the
output for one level is an input for the other [6]:
1.

Sequence → structure neural network

PhD aligns the input sequence to homologous sequences and
calculates the profile from the alignment. To determine the
secondary structure of residue aj, PhD looks at a window of
13 residues aj-6 … aj … aj+6 and produces three probabilities,
whether the residue aj is in secondary structure α(Pjα), β(Pjβ),
and other (PjO). These probabilities are then put into the next
neural network structure.
Figure 5. A perceptron
If the weights for the inputs are not known, a perceptron needs
to be trained using a training set. A training set is a set of
input vectors for which we know the desired answer. The goal
of the training is to find a set of weights for which the
perceptron will give the correct answer for all training
examples and also for those examples that it has never seen
before. Thus the training set contains both positive and
negative training examples. As an example, if we want the
perceptron to recognise α-helices, then the perceptron needs
to be trained with sequences that contain α-helices and also
with those that do not contain the α-helix pattern [6].
Although perceptrons are quite useful in a wide variety of
classification problems, they are however limited in problems
that are linearly separable. To overcome this hurdle, a
multilayer perceptron can be used. A multilayered perceptron
contains an input layer, an output layer and at least one layer
between them, known as the hidden layer. Multilayered
perceptrons have been successfully used in many
classification problems and function approximation. A very
good example in genome informatics is that of the GRAIL
system which is used to classify DNA sequences as exons and
not exons. But in these problems the results are known in
advance for the training set of data. In a problem where the
training set is not known in advance, usage of perceptrons is
inappropriate [3]. Multilayered perceptrons have been known
to produce protein structure prediction accuracy for more than
70% [2].

2.

Structure → structure neural network

This neural network looks at a window of 17 residues and
produces the probabilities α(Pkα), β(Pkβ), and other (PkO)
where k = j-8 … j+8 for the amino acid residue. This network
tries to make calculations based on the fact that the amino
acid structures occur in runs.
3. Jury System
The jury system takes the results from each of the above
mentioned neural net structures and averages the results from
each of them. The secondary structure with the highest
average score is output as the result.
An excellent feature of PhD is that, in addition to prediction,
it reports a reliability index from 0-9, where 9 represents 90%
confidence [6].

3.4.3
Recurrent Neural Networks
There have been a few limitations in the neural network
approaches as explained before and these included their
inability to deal with very long sequences and to cater for the
dependencies between different regions of a sequence [9]. A
Simple Recurrent Network (SRN) is an extension to the
standard feed forward neural network. The main difference
between SRN and a regular feed forward neural network is
that it permits the state of the hidden units at a previous time
step to be used as input in the next time step. Thus the input
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that has been attenuated in the previous time step can be used
during the current processing step.

Figure 7. A Kohonen Self-organising Map (all connections are
not shown)

Figure 6. A Simple Recurrent Network
Usage of recursive neural networks in different systems has
been known to produce a secondary structure prediction of
about 75% which is comparable to the best existing predictors
[7].

3.4.4
Self-organising Maps
Self-organising Maps have been widely used in analyzing the
sequence of amino acids in proteins. If the sequence of amino
acids is known we can determine the function of the protein
that contains those amino acids. As a result, if two proteins
are similar in sequence they are usually similar in function as
well. Self-organising maps have been mainly used to classify
the proteins into their families. However, self-organising maps
have also been used to predict the secondary structure of a
protein based on the primary structure, which is in fact the
amino acid sequence. Self-organising maps have been used
with other methods such as spectral analysis of the protein in
order to accurately depict the structure of the protein.
Many of the experiments that have used Self-organising Maps
for predicting the secondary structure normally show
similarities in proteins and they have been proven successful;
although not entirely accurate. There are many protein
databases present which can be used to input the sequence of
the protein in question. The Self-organising Map is then used
to return the proteins with similar sequence, thus helping with
the prediction. One of the most successful of all the Selforganising Maps is the Kohonen Self-organising Map, which
is named after its inventor, Teuvo Kohonen [3]. A Kohonen
Self-organising Map is a grid of discrete points, each of which
is connected to all of the input units where each of these
connections is associated with a weight.

Input vectors are mapped to one of the grid points in a trained
map. A grid point and its neighbouring points might each
represent a different object or cluster of objects. A distance
metric, which is normally a Euclidean distance, is measured
for each grid point for a given input vector. If the distance is
small, then the vector is said to belong to the cluster signified
by the grid point otherwise it is unlikely to associate the
vector to that cluster.
Although the Kohonen Self-organising Map is good for
predicting secondary structures of proteins which are similar
to those on which it has been trained, it fails to accurately
predict the structures which are totally new to it.

4

CONCLUSION

Protein structure prediction is one of the most complex
problems being faced by systems biologists. Over the years,
many methods have been used to accurately describe the
structure of proteins and the accuracy has increased due to the
constant evolution of predicting methods. The Chou-Fasman
method is the widely used Statistical prediction method, but
the GOR method has been considered to be the most ideal
when it comes to computer implementation. Both of these
statistical prediction methods have an accuracy of 50-60% [6]
but the new generations of the GOR method, such as GOR V
have been able to produce accuracy of 73.5% [10].
Nearest Neighbour method is one of the homologous methods
that has been able to produce prediction accuracy close to
64.5% [5]. But it has been seen that some k-Nearest
Neighbour methods such as the Fuzzy k-Nearest Neighbour
method has been able to produce an accuracy of 75.75% [8]
which makes it a very good contender as a protein sequence
prediction method.
During our search for the different protein structure prediction
methods, the usage of neural networks came out to be the
most popular of all. As discussed above, there have been
many types of neural network structures in use and they have
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been able to produce very good accuracy. Self-organising
Maps are good at predicting protein structures but are only
useful if the neural net has seen a similar structure to that of
the one being predicted. Multilayered Perceptrons have been
able to produce an accuracy of 70% [2], recurrent neural nets
have given a very good accuracy of 75%, but the most widely
referred method has been PhD and it has been argued that
PhD has a high degree of reliability [6].
The future techniques seem to be more oriented towards the
usage of neural networks for the protein structure prediction
as the neural networks have been known to produce better
accuracy than most of the other processes and with the
number of citations found on the net, it seems that neural
networks will evolve with time to produce better results.

5
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Abstract - India is a developing country where females
are suffering from major diseases like cancer. The
statistics reveal that out of every 22 females one is
suffering from breast cancer. Studies also highlight the
increasing percentage of the female cancer patients which
include cases like cervical, vulvar, fallopian-tube, ovarian
and breast cancer.
Lack of awareness and negligence are the root causes for
the spread of the disease. 85% [1] of the female cancer
patients in the country were detected at an advanced
stage when treatment given was rendered
ineffective. While research also signifies that 50%
[1]
received treatment at an early stage and showed
appreciable improvement.
We propose an INCREASE IN SURVIVAL RATES USING
DATA MINING which focuses on characteristics which
increases the survival rates by targeting women of agegroups like teenagers and above age of 40, who are
subject to hormonal change or having family history.
Keywords
Advanced stage, Awareness program, Information gain.

1 Methodology
Methodology will cover the various options taken into
consideration in order to improve the awareness among
females and also providing an adequate treatment to ones
who are affected by cancer hence reduce the mortality
rates due to cancer. The various options that are taken into
consideration will be completely based upon the statistical
data [2] obtained by the research and hence will cover
various age groups in order to improve its effectiveness.
Information gathering and analysis gives rise to decision
tree. The decision tree [2] based algorithm considers
predictive modelling technique used in classification,
clustering and prediction tasks. The attributes considered
are age [<25, 26-40, >40], race, pre-hormonal treatment,
various stages in female life cycle like pregnancy, puberty
and menopause, so also family history. The genetic
algorithm (GA) [3] considers the survival rates, the
crossover technique, mutation algorithm and the fitness

algorithm. On construction of the tree some modifications
to the tree could be needed to improve the performance so
also there would be addition of new attributes. Thus
pruning [3] would reduce the computation and produce
efficient result. The proposed architecture of the system is
highly flexible and could help formulate decision tree on
the basis of keywords and web crawling mechanism with
the addition of a new attributes. [3]

1.1 Attributes being considered in the
existing system and its consequent drawbacks
N
Cancer
Normal
Benign

44
34
61

Mean
age
55.9
43.7
46.8

Age
range
20–85
28–59
20–83

Cancer
stage
Stage I
Stage II
Stage III
Stage IV

Fig: Demographics of the cancer and control groups
included in the study. [4]

Fig: survival rates of female cancer patients with
ovarian cancer.

n
10
4
21
9
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Stage

Age

Outcome

Cancer

20-85

22.27%

Normal

28-59

11.74%

Benign

20-83

34.44%
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Women 70 and older who have had three or
more consecutive Pap tests in the last ten
years may choose to stop cervical cancer
screening.
Screening after a total hysterectomy (with
removal of the cervix) is not necessary
unless the surgery was done as a treatment
for cervical cancer.

1.3 Facts about detection of cancer


Early detection of breast cancer, through
monthly breast self-exam and particularly
yearly mammography after age 40, offers
the best chance for survival.



96%t [6] of women who find and treat
breast cancer early will be cancerfree after five years.



Oral contraceptives may cause a slight
increase in breast cancer risk [6]: however
10 years after discontinuing use of oral
contraceptives the risk is the same as for
women who never used the pill.



Estrogens replacement therapy for over 5
years slightly increases breast cancer risk;
however the increased risk appears to
disappear 5-10 years after discontinuing the
use of estrogens replacement therapy.

Fig: survival rates of female cancer patients in
India. [5]

As depicted by the decision tree as well as the graph for
the survival rates of patients with ovarian cancer, the
existing studies consider the demographics of the affected
people after the detection of the disease which does not
allow the system to improve the survival rates
substantially as the lack of awareness and the failure for
early detection are the root causes acting as the prime
factors for increase in the number of female cancer
patients. The proposed system also considers crucial
factors like family history which makes certain set of
population prone to cancer and hence by following
appropriate methodology for such population the survival
rates increase substantially. Hence the major drawback of
the existing system is overcome by the proposed system.
We propose guidelines that should be followed in order to
trace the set of population which is prone to cancer or
population diagnosed of initial stages of cancer.

1.2 Screening Guidelines for the Early
Detection of Cervical Cancer [6]





Screening should begin approximately three
years after a woman begins having vaginal
intercourse, but no later than 21 years of
age.
Screening should be done every year with
regular Pap tests or every two years using
liquid-based tests.
At or after age 30, women who have had
three normal test results in a row may get
screened every 2-3 years with cervical
cytology (either conventional or liquidbased Pap test) alone, or every 3 years with
a human papilloma virus DNA test plus
cervical cytology.

2 Methods of Data Collection
In order to obtain the reliable statistical results which will
support the decision making system, we need to perform
certain data collection methods. The strategies for the data
collection will be decided by the need of the project as
well as the current infrastructure available in order to
collect the data manually or accepting even system
generated data.
The central requirement for the data collection will be to
obtain information which can be converted into the
statistics.
The proposed methods of data collection can be divided
into mainly two parts as follows:
Here the data which is required will be of kind
1.
Locality of in which people of specific age group
reside.
2.
Occupation of the people.
3.
Workplace related information.
4.
Earning details.
5.
Life styles of the targeted people.
6.
Access of people to medical facilities.
7.
Literacy rates.
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Manual Data Collection

Race/Ethnicity

Female

All Races

24.5 per 100,000
women

White

23.9 per 100,000
women

Black

33.0 per 100,000
women

2.2 Automated Data Collection

Asian/Pacific Islander

12.5 per 100,000
women

Tie-ups with the local or national level insurance agencies
should be involved. The insurance agencies could be of
great help as far as medical history and current status of
health of the targeted population is concerned.

American Indian/Alaska
Native a

17.6 per 100,000
women

Hispanic b

15.5 per 100,000
women

1.
Here, base level data collection which is required to
be done manually should be outsourced to local as well as
national level social organizations [7].
2.
In the process of data collection the local
committees or the groups of the civilians should be
involved in order to increase the accuracy of the data.

Collaborations with N.G.O.s in order to get the data of the
regions [7] where social organizations cannot reach will be
helpful.
2.2.1 Age factor, family history and hormonal
treatment

Race/Ethnicity

Female

All Races

123.8 per 100,000
women

White

127.8 per 100,000
women

Black

117.7 per 100,000
women

Asian/Pacific Islander

89.5 per 100,000
women

American Indian/Alaska
Native a

74.4 per 100,000
women

Hispanic b

88.3 per 100,000
women

Fig: Incidence Rates by Races [7]

Fig: Fig: Death Rates by Races [7]
All sites†

1 in 3

Breast

1 in 8

Uterine corpus

1 in 40

Ovary

1 in 72

Uterine cervix

1 in 145

Fig: study of different age groups with selected
factors [7]
†All Sites exclude basal and squamous cell skin
cancers

Outcome

Age

Hormonal
treatment

Family
History

Awareness

< 25

16.67%

25%

Survival

26 – 40

-

8.33%

Nonsurvival

>= 40

16.67%

33.33%

Fig.: Percentages of Survivals and Non-survivals
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3 Implementation of methodology
We propose following methodologies in order to create
awareness:

3.1 Association of Institutes
This stage proposes the association between different
hospitals, charitable organizations, N.G.Os, and also
services like ambulance and other medical facilitations in
order to broaden scope of the project undertaken.

3.2 Grass root awareness
This stage consists of training the doctors and nurses
working at the rural level and making them aware of the
disease. It also includes providing them information about
the initial symptoms that are to be checked and hence the
consequent action that has to be taken if person is found
affected by the disease. Hence 11.3% [9] of the female
population could be saved.

3.3 Circulation of Information
Fig: PROPOSED SOLUTION- study of different age
groups with selected factors







Seventy-seven percent of women with breast
cancer are over the age of 50[7].
Breast cancer is the leading cause of cancer
death in women between the ages of 15 and 54,
and the second cause of cancer death in women
55 to 74[7].
Risks for breast cancer include a family history,
atypical hyperplasia, delaying pregnancy until
after age 30 or never becoming pregnant, early
menstruation (before age 12), late menopause
(after age 55), current use or use in the last ten
years of oral contraceptives, and daily
consumption of alcohol.[8]
Hence taking support from the statistics we
propose that the age groups in which the females
are prone to various types of cancers should be
traced. Knowledge about prevention of the
disease and also the advantages of regular
check-ups in order to achieve the early detection
should be percolated through the various layers
of the society in order to create the awareness.
This process will in turn reduce the number of
females who are diagnosed of cancer at
advanced stages, and hence increase the survival
rates. So, the decrease in the survival rates can
be achieved by efficient usage of data mining
with suggested attributes.

This stage includes the circulation of the general or a
specific data which may include instructions or cellular
level development of the disease. This information should
be regularly circulated in all the regional clinics and
hospitals. Hence 70% [9] of the female population could
be saved.

3.4 Popularity of the scheme
The popularity of the scheme should be promoted by
exposing the system to civilians by using Medias like
newspapers (informatory articles), advertisements through
radio station; television etc. as suggested by the proposed
decision tree the rate of the survival would increase
appreciably if the women are aware of the facts at early
age.

3.5 Insurance Policies
In this stage targeted users will be availed of medical
insurances provided users opt for the medical check-ups.
In order to achieve the early detection and more survivals
this stage is crucial.

3.6 Medical facilities
The patients will be offered a medical assistance through
the different hospitals after registering them as a member
of the association so as to keep a constant track of the
results obtained with the latest medications.
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Along with awareness, the system proposes an algorithm
that is flexible and accepts attributes dynamically. The
attributes stated above may be received in varied orders to
reflect a change in the information gain and thus the
results may vary dynamically.
Thus the modification can be depicted as under:
Consider if an attribute like new medicine that proves a
curative measure, then the survival rates would rise and
the information gain would get altered.
Results

Age

Medicine

< 25

Family
History
25%

Awareness
Survival

26 – 40

25%

50%

Nonsurvival

>= 40

75%

timeliness of diagnosis makes a big difference. Those
with an early diagnosis have a 95% [10] five-year survival
rate.
However, those who are diagnosed after the tumour has
grown beyond the ovary have a 20% [10] or lower chance
of surviving five years. In order to demonstrate the
effectiveness of the project some graphs concerning the
mortality rates due to cancer before the proper treatment
and graph describing the mortality rates after the latest
treatments are taken into consideration.

Graphs

-50%

Fig: Most Common Female Cancers in India. [10]

Fig: Percentage of Survival Rates after introducing
new attribute
Thus, the algorithm specifies that it is flexible with
change in manner of receiving attributes and also change
in attributes. Irrespective of the input the simulation
results into percentages of the survival rates and helps in
targeting a certain age group to increase the survival rates.

As illustrated by the statistics early detection is a crucial
factor in order to increase the survival rates. So obtaining
the data of the female population having the probability of
getting affected (i.e. having characteristics like family
history, suspected age group etc.) is obtained. And hence
the appropriate steps (which may include the treatment or
awareness) should be taken.
As the victims are recognized in early stages the
methodology that should be followed in order to help
them can be decided earlier and hence can be more
effective. So the main constraint i.e. timelessness will be
eliminated automatically and hence the survival rate of
female cancer patients will be increased as a result of the
process.

4.1 General Benefits


4 Effectiveness of Methodology

In order to increase the effectiveness of the process we
also need to get availed with the adequate real time data
which may help to decide upon the success rate of the
proposed project.
Unfortunately, only about 20% [10] of cases will be
diagnosed early, and many of those are inadvertent
findings on pelvic exam or from an imaging study. And



As targeted, overall the civilians will be
benefited by the system established.
Local insurance agencies will be benefited by the
system as the number of the victims who will be
affected by the disease will be reduced
substantially.
The medical system available in the country will
be benefited in the process as quality of the
service offered will be improved also the
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pressure will be distributed equally due to the
offered infrastructure.
Researchers and scientists will be benefited as
they will be provided with a global platform in
order to share their knowledge. The research
work in the field will also be encouraged.
Hospitals and medical agencies (viz: ambulance
agencies) will be benefited as the services
provided by them will be utilized by large
number of masses.
Government will be benefited as it will have
tentative facts and figures to take appropriate
measures unlike other healthcare projects which
are not implemented properly.

5 Conclusion
The project proposed here will help to reduce the further
victims of female cancer patient to an appreciable extent.
In the process as explained by different graphs and
statistics, along with the patients other components of the
system like medical infrastructure, government etc. are
also getting benefited. In addition to it the project also
provides a platform for the automated/ semi-automated
medical facilities that can be implanted in order to
regulate the flow of the interaction.
This project proposes the general platform which can be
implemented on one of the current threatening causes of
the mortality. Additionally the proposed architecture of
the system is highly flexible and could help formulate the
increase in survival rates and help devise various
preliminary or early detection techniques to reduce the
intensity of this fatal disease on the basis of keywords and
web crawling mechanism with the addition of a new
attributes.
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Abstract - An understanding of gene regulatory networks and
key transcription factors gives biological researchers a more
complete view of metabolic networks and their functions.
However, transcription factor activity (TFA) is not included in
most existing gene regulatory network reconstruction models.
Combining gene regulatory reconstruction algorithms with
methods for determining TFAs creates a more complete model.
This work uses context likelihood relatedness (CLR) with
transcription factor activity inference algorithms to integrate
TFA information and gene expression profiles into a single
gene regulatory network model. Test results using RegulonDB
show improved precision using CLR-GT than other existing
relevance network based algorithms. Using the latest input
dataset of E. coli, 566 new gene regulatory links with different
estimated precisions are predicted from gene regulatory
networks reconstructed by CLR-GT. The biological rationale
for 9 links from the first 12 precisely predicted new regulatory
links is confirmed in the biological literature. And many
predictions from these 566 predicted new gene regulatory
links are biological significant and interesting.
Keywords: gene regulatory, transcription factor activities,
gene expression, network reconstruction

1

Introduction
Gene regulatory networks play essential roles in living

organisms to control growth, maintain metabolism and govern
responses to external environmental changes. Understanding
gene regulatory networks is a key step towards optimizing
biocatalyst performance in biochemical and metabolic
engineering. Many computational algorithms, for instance,
Context Likelihood Relatedness (CLR) [2] and ARACNe [3],
have been developed to reconstruct gene regulatory networks
using transcriptome data. However, transcription factor
activity (TFA), an essential component of gene regulatory
network structure, is not explicitly measured in transcriptome
analysis or included in most existing gene regulatory network
reconstruction models. Most transcription factors (TFs) are
regulated at the protein level, such as phosphorylation,
binding specific metabolites, RNA, or other TFs. Protein level
regulation changes the TF’s ability to induce or inhibit target
gene expression. The ability of TFs to regulate target genes is
known as transcription factor activity (TFA) (Figure 1).
However, TFAs are difficult to measure in absolute quantities.
Thus, relative TFA ratios can be determined, much as relative
gene expression ratios can be measured.
TFA is governed by complex molecular interactions and
are difficult to determine directly from experiments,
especially if the activation mechanism is unknown. However,
it is possible to computationally calculate the change of TFAs
relative to a reference state [4] using TFA inference algorithms
with input of gene expression data and known TF network
architecture. Network Component Analysis (NCA), first
developed by Liao et al., uses linear least square matrix

Figure 1 Gene regulatory network model.Transcription factors are activated by different mechanisms in protein level.
Activated TFs then regulated the expression for target genes, including TF genes. And the regulated
expressions of TF genes are again affect the translations of TFs.
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Figure 2A Gene regulatory networks reconstruction
procedure

decomposition methods to iteratively decompose the gene
expression ratio data matrix into a TFA ratio matrix and a
control strength connection matrix [5]. However, the
restrictions (e.g. three criteria of NCA decomposition
described in the section 2.1) on the input matrix for NCA
decomposition limited its usage. Alter and Golub integrated
ChIP and microarray data, using singular value decomposition
(SVD) and pseudo-inverse projection, to infer the hidden
regulation layer between TFs and genes [22]. MA-Networker
uses multivariate regression to estimate TFAs and Gene-TF
coupling factors, which represent correlations between genes
and the TFA [6]. However, this method is only suitable if the
regulator genes are themselves interacting with each other.
Boulesteix et al. developed a computationally efficient and
flexible method to infer TFAs and coupling factors using a
partial least squares approach [23]. The partial least squares
method also introduced coherent meta-factors reflecting the
main directions of variation of the data. A subset of Bayesian
Network approach, state-space model (SSM), was also
introduced by Li et al to infer TFAs in a more realistic and
precise way with feedback loops, auto regulations and
multiple inputs included in the mode [7]. However, Bayesian
network approaches are computationally too expensive to
infer large scale TFAs [23]. A probabilistic dynamical model to
model the full probability distribution of each TFA on each
gene was developed by Sanguinetti et al [24]. Besides inferring
TFAs from gene expression data and TF network structures
from experiments and literatures, DNA sequence motif
information is also widely used in many methods to infer
potential TF-gene links to obtain a more complete TF network
structure and improve the inference of transcription factor
activities [4].
Computationally, there are three major approaches for
reconstructing gene networks: relevance networks, Bayesian
networks, and linear regression networks. Relevance networks
assume that genes with regulatory relationships should have
the similar or related gene expression patterns. They find
regulatory links between genes and regulators by detecting
their statistical relatedness from their gene expression profiles.
Typical methods for calculating statistical relatedness are
Pearson Correlation Coefficient and Mutual Information
(MI)[13]. Correlation methods give better performance on

Figure 2B CLR-GT gene regulatory network reconstruction
procedure

detecting linear relationships and MI performs better on nonlinear relationships. Recent work comparing gene regulatory
networks reconstruction methods has shown the algorithms
using MI tend to perform better [2]. Example algorithms that
use MI include CLR and ARACNe [2]. Instead of calculating
statistical relatedness between pairwise gene expression sets,
Bayesian networks search for the best scoring network in a
multivariate space based on probabilistic models. However,
this approach requires a lot of computational power and does
not scale well to large scale inference of gene regulatory
networks, which normally have thousands of regulatory
edges [2]. Linear regression approaches, which determine
regulators for each gene independently, are seldom used in
gene regulatory network reconstructions since regulators and
genes tend to form complex, non-linear networks.
Generally, gene regulatory network reconstruction
algorithms take two steps. First, a pairwise statistical
relatedness matrix between all genes in the data set is
computed and a minimum threshold for relatedness is chosen
to get the gene co-expression network. Second, using known
TF list from databases or experiments, interesting gene
regulatory networks are extracted from the co-expression
networks (Figure 2A). These traditional algorithms assume
gene regulatory network models in which the TFs link to their
target genes directly without including the TFA layer (Figure
1), despite the fact that TFA plays an important role in gene
regulation.
This work combines network reconstruction with TFA
analysis to get a more complete picture of TF-gene regulatory
networks. CLR was chosen as the network reconstruction
method and NCA is used to infer TFAs from gene expression
data. The combined method is called, Context Likelihood
Relatedness with Gene expression and Transcription factor
activities (CLR-GT). This novel gene regulatory network
reconstruction algorithm introduces TFAs into gene
regulatory network reconstruction models (Figure 2B).
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2
2.1

Methodology
Network Component Analysis

Network Component Analysis (NCA) is a network
structure-driven framework [8] first introduced by Liao et al. in
2003. The basic idea is to decompose a 𝑁𝑁 × 𝑀𝑀 matrix [E] (M
samples of N output variables) in the model of:
(1)[5]

[𝐸𝐸] = [𝐴𝐴][ 𝑃𝑃]

The 𝑁𝑁 × 𝐿𝐿 matrix [A] encodes the control strength between
the regulatory layer (L transcription factor activity variables
from total of N variables) and the output signals (total N
variables). The 𝐿𝐿 × 𝑀𝑀 matrix, [P], consists of the sample
response from the L regulatory signals [5]. The matrix [E] is the
matrix of gene expression data under different experimental
conditions, where the rows are different genes and columns
are experimental conditions. With the log-linear model
assumption[5], the relationship between transcription factor
activities and the gene expression levels is:
𝐿𝐿

𝐶𝐶𝐶𝐶 𝑖𝑖𝑖𝑖

𝑇𝑇𝑇𝑇𝐴𝐴𝑗𝑗 (𝑡𝑡)
𝐸𝐸𝑖𝑖 (𝑡𝑡)
= 𝐸𝐸𝐸𝐸𝑖𝑖 = � �
�
𝐸𝐸𝑖𝑖 (0)
𝑇𝑇𝑇𝑇𝐴𝐴𝑗𝑗 (0)
𝑗𝑗 =1

𝐿𝐿

= ��𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑗𝑗 �
𝑗𝑗 =1

𝐶𝐶𝐶𝐶 𝑖𝑖𝑖𝑖

(2)[5]

where 𝐸𝐸𝑖𝑖 (𝑡𝑡) is the gene expression level of the i-th gene,
𝑇𝑇𝑇𝑇𝐴𝐴𝑗𝑗 (𝑡𝑡), j = 1, ..., L is a set of transcription factor activities,
and 𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 represents the control strength of transcription factor
j on gene i. 𝐸𝐸𝑟𝑟𝑖𝑖 is the gene expression ratio between two
experiment conditions of the i-th gene , 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑗𝑗 , j = 1, ..., L is a
set of TFA ratios between the same two conditions regulate
gene i, and 𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 represents the control strength of
transcription factor j on gene i.
After taking the logarithm of Eq. (2):

log([𝐸𝐸𝐸𝐸]) = [𝐶𝐶𝐶𝐶]𝑙𝑙𝑙𝑙𝑙𝑙([𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇])

(3)[5]

where 𝑁𝑁 × 𝑀𝑀 matrix [𝐸𝐸𝐸𝐸] is the relative gene expression
level matrix and 𝐿𝐿 × 𝑀𝑀 matrix [𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇] is the relative
transcription factor activities, the elements 𝐸𝐸𝑟𝑟𝑖𝑖𝑖𝑖 (𝑡𝑡) =
𝐸𝐸𝑖𝑖𝑖𝑖 (𝑡𝑡)/𝐸𝐸𝑖𝑖𝑖𝑖 (0) and 𝑇𝑇𝑇𝑇𝑇𝑇𝑟𝑟𝑘𝑘𝑘𝑘 (𝑡𝑡)/𝑇𝑇𝑇𝑇𝑇𝑇𝑟𝑟𝑘𝑘𝑘𝑘 (0) , 𝑁𝑁 × 𝐿𝐿 matrix
[𝐶𝐶𝐶𝐶] is the control strength matrix of transcription factors and
genes. The gene expression model in Eq. (3) has the form of
Eq. (1) and can be decomposed into matrix [𝐶𝐶𝐶𝐶] and
matrix 𝑙𝑙𝑙𝑙𝑙𝑙([𝑇𝑇𝐹𝐹𝐹𝐹𝐹𝐹]) using NCA concepts. [5]

The relative gene expression level matrix [𝐸𝐸𝐸𝐸] can be
obtained from transcriptome experiments such as DNA
microarrays or RNAseq, and the control strength information
must be initialized from the literature, Chip-on-chip
experiments, and motif information (mNCA[9] and iNCA[10]
developed by Wang et al.). With the input of [𝐸𝐸𝐸𝐸] and [CS],
while the three criteria[5,8,11] for NCA decomposition are met,
transcription factor activities [𝑇𝑇𝑇𝑇𝑇𝑇𝑟𝑟] can be estimated by
variety of NCA decomposition algorithms including: gNCA[8],
gNCA-r[8], fastNCA[11] or posNCA[12].
Three criteria for NCA decomposition are [5]:
(i) The connectivity matrix [CS] must have full-column rank.
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(ii) When a node in the regulatory layer is removed along with
all of the output nodes connected to it, the resulting network
must be characterized by a connectivity matrix that still has
full-column rank. This condition implies that each column of
[CS] must have at least L-1 zeros.
(iii) [TFAr] must have full row rank. In other words, each
regulatory signal cannot be expressed as a linear combination
of the other regulatory signals.

2.2

Context Likelihood Relatedness

Context Likelihood Relatedness (CLR) is a network
reconstruction enhancement method extended from the
relevance network approach [2, 13, 14]. In the relevance network
approach, there are tradeoffs between the link detection
sensitivities and false positive detection rates [2]. In the CLR
algorithm, in general, false positive detection is minimized by
using an adaptive background correction method [2]. CLR is
based on similarity scores between two genes in a set of
microarrays. These scores are commonly calculated using the
Pearson Correlation or Mutual Information measures shown
below:
Pearson Correlation Coefficient:
𝑠𝑠𝑖𝑖𝑖𝑖 =

∑𝑘𝑘 (𝑋𝑋𝑖𝑖𝑖𝑖 − 𝑋𝑋�𝑖𝑖 )(𝑋𝑋𝑗𝑗𝑗𝑗 − 𝑋𝑋�𝑗𝑗 )

(4)

�∑𝑘𝑘 (𝑋𝑋𝑖𝑖𝑖𝑖 − 𝑋𝑋�𝑖𝑖 )2 �∑𝑘𝑘 (𝑋𝑋𝑗𝑗𝑗𝑗 − 𝑋𝑋�𝑗𝑗 )2

is the k-th observation of variable i. and
is the
where
Pearson Correlation Coefficient score between variable i and j.
Mutual Information:
𝑝𝑝(𝑖𝑖, 𝑗𝑗)
𝑠𝑠𝑖𝑖𝑖𝑖 = � � 𝑝𝑝(𝑖𝑖, 𝑗𝑗)log
(
)
𝑝𝑝1 (𝑖𝑖)𝑝𝑝2 (𝑗𝑗)
𝑖𝑖
𝑗𝑗

(5)

Where 𝑝𝑝(𝑖𝑖, 𝑗𝑗) is the joint probability of i and j, 𝑝𝑝1 (𝑖𝑖) and
𝑝𝑝2 (𝑗𝑗) are the marginal probabilities of i and j respectively, 𝑠𝑠𝑖𝑖𝑖𝑖
is the Mutual Information score between variable i and j,

The Pearson Correlation (Eq. 4) performs extremely
well in detecting linear relationships between two variables
(genes in a set of microarray experiments), and Mutual
Information (MI) (Eq. 5) has a relatively balanced
performance in detecting both linear and non-linear
relationships. However, most MI applications only work for
discrete variables, and in this problem, both the gene
expression ratio and TFA ratio are continuous variables. Both
B-spline [15] and adaptive partitioning [16] adjustments are
applied to calculate mutual information. While having the
similarity score, the statistical likelihood of each similarity
score is calculated within each variable by:
𝑧𝑧𝑖𝑖𝑖𝑖 =

𝑠𝑠𝑖𝑖𝑖𝑖 − 𝑠𝑠̅𝑖𝑖

�∑𝑗𝑗 (𝑠𝑠𝑖𝑖𝑖𝑖 − 𝑠𝑠̅𝑖𝑖 )2

(6)

where 𝑧𝑧𝑖𝑖𝑖𝑖 is the z-score of similarity score between variable i
and j within all similarity scores with i, 𝑠𝑠𝑖𝑖𝑖𝑖 is the similarity
score between variable i and j, 𝑠𝑠̅𝑖𝑖 is the average of all
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similarity scores with i. And a joint likelihood between two
variables is calculated from the z-scores from Eq. (6). The
methods to calculate the pseudo-z-score 𝑍𝑍𝑖𝑖𝑖𝑖 vary and the
original CLR algorithm use the following method [2]:
𝑍𝑍𝑖𝑖𝑖𝑖 = �𝑧𝑧𝑖𝑖𝑖𝑖2 + 𝑧𝑧𝑗𝑗𝑗𝑗2

(7)

By putting different thresholds on the matrix [Z] with
elements 𝑍𝑍𝑖𝑖𝑖𝑖 , combining transcription factor information from
literature and experiments which may be obtained from
regulatory databases such as RegulonDB [1] and Ecocyc [18],
gene regulatory networks with different sensitivities can be
reconstructed. The threshold can be chosen according to the
expected size of the network. For example, the cutoff value of
the n greatest 𝑍𝑍𝑖𝑖𝑖𝑖 𝑠𝑠 in matrix [Z] can be used as the threshold
to infer a network with n regulatory links.

2.3

Context Likelihood Relatedness of Gene
Expression and Transcription Factor
Activities (CLR-GT)

The NCA algorithms infer transcription factor activities
(TFAs) and control strength. However, the accuracy and
completeness of the initial connectivity assumption is crucial
to the performance of NCA, and the NCA algorithm cannot
detect new gene regulatory connections. In the original CLR
algorithm, the regulatory links associated with TFA are
difficult to detect. The proposed novel algorithm, Context
Likelihood Relatedness of Gene Expression and Transcription
Factor Activities (CLR-GT), integrates the advantages of
inferring TFA from NCA and the ability to detect new
regulatory links from CLR. Instead of only using gene
expression data to infer the similarity in original CLR
algorithm, CLR-GT introduces additional TFA information
from the results of NCA. The similarity scores between all
genes and TFs are calculated by comparing the similarity
between gene expression behavior and TFA behavior. Both
statistical likelihoods within each gene and within each TF are
calculated from similarity scores. The joint likelihood is
inferred from the likelihood of genes and the likelihood of
TFs. With higher thresholds for the joint likelihood, CLR-GT
produces a set of reliable novel regulatory links which can be
added into the initial connectivity matrix of NCA to improve
NCA performance; with lower thresholds, CLR-GT would be
much more sensitive on detecting possible regulatory links
associated with TFA than the original CLR algorithm.
CLR-GT Algorithm:
1. Pre-process the two inputs for NCA:
a)

Gene Expression Data, E: Take a set of normalized
transcriptome data, calculate the relative gene
expression values, and take a logarithm of the ratio
to form the matrix [Er i ].

b)

Initial Connectivity Data: Initialize a connectivity
matrix [CSI], whose rows are all the genes in the set

of microarray experiments, and columns are all the
possible TFs using data obtained from the literature
or experiments. Each link between a TF and a gene is
initialed as 1 in the connectivity matrix. Other nonlink elements are set to 0.
2. Match and reduce the gene expression matrix [Er] and
connectivity matrix [CSI] to meet the criteria of NCA
decomposition [5] described in section 2.1.
3. Apply a NCA decomposition algorithm (currently available
algorithms include gNCA, gNCA-r and fastNCA) to
decompose the gene expression matrix [Er] from step 2, and
get a control strength matrix [CS] and a log ratio TFA matrix
[TFAr].
4. Calculate a similarity score matrix [S] between all genes
and TFs from the original gene expression matrix [Eri] and
log ratio TFA matrix [TFAr] from step 4.
𝑆𝑆𝑖𝑖𝑖𝑖 = 𝑓𝑓 ( 𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 , 𝑇𝑇𝑇𝑇𝑇𝑇𝑟𝑟𝑗𝑗 )

where 𝑓𝑓 ( 𝑥𝑥, 𝑦𝑦) is the similarity scoring function (either
correlation coefficient or mutual information) .

5. Calculate the statistical likelihood matrix [ 𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍 ] for
genes and [𝑍𝑍𝑍𝑍𝑍𝑍 ] for TFs from similarity score matrix [S]
𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖 =

𝑠𝑠𝑖𝑖𝑖𝑖 − 𝑠𝑠̅𝑖𝑖

�∑𝑗𝑗 (𝑠𝑠𝑖𝑖𝑖𝑖 − 𝑠𝑠̅𝑖𝑖 )2

𝑍𝑍𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖 =

𝑠𝑠𝑖𝑖𝑖𝑖 − 𝑠𝑠̅𝑗𝑗

,

�∑𝑖𝑖 (𝑠𝑠𝑖𝑖𝑖𝑖 − 𝑠𝑠̅𝑗𝑗 )2

6. Calculate the joint likelihood matrix [Z] from the two
statistical likelihood matrices [𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍 ] and [𝑍𝑍𝑍𝑍𝑍𝑍 ]
𝑍𝑍𝑖𝑖𝑖𝑖 = �𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑍𝑖𝑖𝑖𝑖2 + 𝑍𝑍𝑍𝑍𝑍𝑍𝑗𝑗𝑗𝑗2

7. Set a threshold T for matrix [Z] so that the number of
s
which 𝑍𝑍𝑖𝑖𝑖𝑖 ≥ 𝑇𝑇 is the number of total regulatory links in the
expected network, if 𝑍𝑍𝑖𝑖𝑖𝑖 ≥ 𝑇𝑇 , construct a regulatory edge
between node gene i and node TF j.

3
3.1

Result and discussion
Algorithm selection and comparison

To test the reliability of the proposed CLR-GT algorithm,
an E. coli gene expression experiment data set from the M3D
database [17] was selected as the input gene expression data.
The selected dataset contains 4297 gene probes and 466
experiments. An old version of the E. coli gene regulatory
links data from RegulonDB, including 1446 experimentallyverified gene regulatory links of 120 TFs, was selected as the
initial connectivity data. The reconstructed gene regulatory
networks are compared with the latest RegulonDB gene
regulatory data (RegulonDB 6.4), which includes 3289 gene
regulatory links of 166 TFs. 7 algorithms: CLR-GT using
correlation coefficient as relatedness scores (CLR-GT-C),

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

117

Figure 3 Gene regulatory network reconstruction algorithms comparison. CLR-GT-A: CLR-GT using adaptive partitioning MI as
relatedness scores; CLR-GT-B: CLR-GT using B-spline adjusted MI as relatedness scores; CLR-GT-C: CLR-GT using correlation
coefficient as relatedness scores; MI-GT: B-spline MI between TFAs and gene expressions; Cor-GT: correlation coefficient between
TFAs and gene expressions; CLR: Context Likelihood Relatedness; APMI: Adaptive Partitioning Mutual Information (GT: integrate
Gene expression & TFA).

CLR-GT using B-spline adjusted MI as relatedness scores
(CLR-GT-B), CLR-GT using adaptive partitioning MI as
relatedness scores (CLR-GT-A), correlation coefficient
between TFAs and gene expressions (correlation-GT), Bspline MI between TFAs and gene expressions (MI-GT),
Adaptive Partitioning MI (APMI), and the original CLR
algorithm are tested on reconstructing gene regulatory
networks with the size from 100 edges to 1000 edges by
setting different thresholds. The precisions of reconstructed
gene regulatory networks are calculated as following (Eq. 8).
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑖𝑖𝑖𝑖 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

(8)

Within each ‘GT’ algorithm (CLR-GT-A, CLR-GT-B, CLRCT-C, Correlation-GT, MI-GT), three different NCA
algorithms, gNCA, gNCA-r and fast NCA, are applied
separately to infer TFAs. The detailed test results are shown
in Figure 3.
According to Figure 3, there is a tradeoff between the
network sizes the algorithms try to predict and the precision of
the networks. When trying to predict larger gene regulatory
networks, the precision of all algorithms decreases. However,
this is expected since setting a lower threshold to identify
more regulatory links leads to a higher false positive rate.

Statistical testing (a two factorial interaction test
between the NCA algorithms and relevance network
algorithms on their result precisions) shows no evidence (pvalue = 0.8829) of interaction between NCA algorithms and
the relevance network algorithm. Thus, the best combination
of NCA algorithm and relevance network algorithm for CLRGT can be found by testing NCA algorithms and relevance
network algorithms independently. From the multiple
comparison t-test among three NCA algorithms, there is
strong evidence (p-value = 0.0007) of better precision from
gNCA-r TFA inference than that from fast NCA and weak
evidence (p-value = 0.0885) of better precision from gNCA-r
than that from gNCA. By testing the difference between ‘GT’
algorithms and ‘non-GT’ algorithms (CLR, APMI) using
multiple t-test with contrast between ‘GT’ algorithms and
‘non-GT’ algorithms, there is a very strong evidence (p-value
< 0.0001) of better performance of ‘GT’ algorithms. And
within all ‘GT’ algorithms, from the multiple t-test with
contrast between CLR algorithms and non-CLR algorithms,
there is a very strong evidence (p-value < 0.0001) of better
performance using CLR algorithms versus non-CLR
algorithms. Figure 3 also shows that using MI as relatedness
score functions for CLR-GT gives slightly better performance
(p-value = 0.072 from multiple t-test) than using the
correlation coefficient as relatedness score functions while

118

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Table 1 Predicted new regulatory links of E. coli
TF

Gene

Estimated
precision

Validity Evidence

CysB
yeeD
91%
yeeD function unknown
CysB
yeeE
97%
yeeE: function unknown transport protein gene
DcuR
pepE
91%
Involve in anaerobic respiration related process (Ecocyc [18])
Fur
ybdB
91%
ybdB (entH) is proposed to be regulated by Fur (Ecocyc [18])
Fur
yncE
91%
YncE is de-repressed by Fur (Baba-Dikwa, 08 [19])
Fur
yqjH
91%
Candidate Fur box upstream of the yqjH ORF (Pania, 08[20])
GadX
Slp
91%
slp is positively regulated by Gad X (Tucker, 03[21])
IHF
sdhB
91%
sdhB is proposed to be regulated by IHF (Ecocyc [18])
LeuO
ilvH
91%
Involve in leucine biosynthetic related processes (Ecocyc [18])
MetR
metF
91%
Involve in methionine biosynthetic process (Ecocyc [18])
NrdR
fecI
91%
Involve in regulation of transcription (Ecocyc [18])
NrdR
fhuF
91%
Unknown relationship
The estimated precisions are estimated from a multiple linear regression on the test results of algorithm comparison tests shown in Figure 3, the standard
error of the regression estimator is 6%

reconstructing smaller and more precise networks. And there
is no significant difference (p-value = 0.7232 from two
sample t-test) between using B-splines and adaptive
partitioning to adjust MI calculations. However, adaptive
partitioning is computationally more efficient. Thus, the CLRGT-A algorithm employing gNCA-r as the TFA inference
algorithm and APMI as the relevance network reconstruction
algorithm appears to be the best combination to give both
reliable precision and fair computational efficiency.

3.2

Finding new regulatory networks

Finally, a set of E. coli gene regulatory networks with
different numbers of regulatory links were reconstructed using
CLR-GT-A. The latest RegulonDB (version 6.4) E. coli gene
regulatory links were used as the initial regulatory links input,
the M3D E. coli (v4, build 6) transcriptome data was used as
the gene expression input, and gNCA-r was used as the TFA
inference algorithm. In the resulting network of 100
regulatory links (about 97% precision, precisions are
estimated from a multiple linear regression on the test results
of algorithm comparison tests shown in Figure 3, the standard
error of the regression estimator is 6%), a new regulatory link

between transcription factor CysB and yeeE was predicted;
and in the result of 200 regulatory links network (about 91%
precision), another 11 new regulatory links were predicted
(Table 1). In these 12 predicted new regulatory links, there
are 5 links (Fur-ydbB, Fur-yncE, Fur-yqjH, GadX-slp, and
IHF-sdhB) which are supported from literature evidence or
hypothesis[18, 19, 20, 21]. Another 4 links are very likely to be
valid since the TF and the target gene of each of these links
are involved in the same biological processes and may have
some functional relationship according to the literature [18].
For example, LeuO and ilvH are both involved in leucine
biosynthetic related processes (Table 1).
Further exploration of the predicted new regulatory links
from larger predicted networks (1000 links, precision greater
than 41%), shows that 566 new regulatory links were detected
by CLR-GT-A algorithm. In these 566 predicted new
regulatory links, especially in the links with precision of 80%
and higher, there are many biologically significant and
interesting predictions. For example, the master motility
regulator FlhDC is predicted to have links with many
chemotaxis (CheB, CheA, CheW, CheY, CheR, CheZ, tap, tar,
tsr, trg) and motility-related genes (flgK, flgL, flhC, motA,
motB) (Table 2).

Table 2 New predicted genes regulated by FlhDC
Gene
cheB
flgK
flgL
cheA
cheW
cheY
tap
cheR
cheZ
motB
tar
ymdA
flhC
tsr
ves
flxA
motA
trg

Gene Function
Chemotaxis MCP protein-glutamate methylesterase; reverses CheR methylation at specific MCP glutamates
Flagellar synthesis, hook-associated protein
Flagellar synthesis, hook-associated protein
Histidine protein kinase sensor of chemotactic response
Chemotaxis signal transducer; bridges CheA to chemoreceptors to regulate phophotransfer to CheY and CheB
Response regulator for chemotactic signal transduction; CheA is the cognate sensor protein
Dipeptide chemoreceptor, methyl-accepting; MCP IV; flagellar regulon
Chemotaxis MCP protein methyltransferase, SAM-dependent; binds C-terminus of chemoreceptors; makes glutamate methyl esters
CheY-P phosphatase
H+-driven stator protein of flagellar rotation
Aspartate, maltose chemoreceptor, methyl-accepting; MCP II; also senses repellents cobalt and nickel; flagellar regulon
Function unknown
Transcriptional activator of flagellar class II operons; forms heterotetramer with FlhD; CsrA regulon
Serine chemoreceptor, methyl-accepting; MCP I; also senses repellents; flagellar regulon
Cold and stress-inducible protein, function unknown
Member of FliA regulon, function unknown, Qin prophage
H+-driven stator protein of flagellar rotation
Ribose, galactose chemoreceptor, methyl-accepting; MCP III; flagellar regulon
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Conclusion

In conclusion, a framework combining TFA inference
algorithms with traditional network reconstruction algorithms
to predict TFA sensitive gene regulatory links and reconstruct
gene regulatory networks from high-throughput gene microarray data and know gene regulatory database is proposed.
The algorithm CLR-GT introduces TFA into the original CLR
algorithm. And a comparison among the performances of
several algorithmic variants of this algorithm is also included.
The application of the best performing variant, CLR-GT-A
algorithm, on E. coli data shows a promising amount of
biological significance using predictions from this algorithm.
It would be interesting and meaningful to keep looking further
on this predicted result biologically and try other alternative
algorithms of NCA or CLR computationally.
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Abstract - Tissue-specific gene expression plays essential
roles in maintaining tissue identity and function. To identify
tissue-specific genes, we compiled a compendium of
microarray expression profiles of various human tissue
samples. The expression profiles generated in different
research laboratories were combined into a single dataset
after global normalization, and then used for the genomewide analysis of tissue-specific gene expression. A new
computational method has been developed in this study to
identify tissue-specific genes using both microarray intensity
values and detection calls. The candidate genes for liver and
testis-specific expression have been examined, and the
results suggest that the approach described in this paper
can be used to select some interesting gene targets for
further experimental studies.
Keywords: Microarray data integration; tissue-specific
gene expression; target selection

1

Introduction

Similar cells group together to form a tissue with a
specialized function in the human body. Gene expression
variation is the primary determinant of tissue identity and
function. Certain genes are expressed specifically in one or
several tissues, but not in the others. It is a fundamental
question in biology to understand how gene expression
regulation underlies tissue development and function.
Moreover, tissue-specific genes are implicated in many
complex human diseases [1].
Tissue-specific expression was traditionally studied at
the single-gene level with time-consuming techniques such
as Northern blot and in situ hybridization. With the recent
development of high-throughput technologies, biologists
can perform genome-wide expression profiling in various
tissues. These high-throughput technologies include
Expressed Sequence Tag (EST) sequencing, Serial Analysis
of Gene Expression (SAGE), and DNA microarrays. Yu et
al. [2] analyzed the NCBI EST database (dbEST) to select a
set of human genes that are preferentially expressed in the
tissue of interest. The selection was based on the expression
enrichment score, which was defined as the ratio between

observed and expected number of ESTs for a gene. For the
selected tissue-specific genes, regulatory modules were
detected by examining the promoter motifs and their
relationships with transcription factors. However, EST data
are generated mainly for transcript sequence information,
and EST counts can only be used as rough estimates of gene
expression levels. Siu et al. [3] investigated gene expression
patterns in different regions of the human brain by using
SAGE, and identified some brain region-specific genes.
Kouadjo et al. [4] also used the SAGE strategy to identify
housekeeping and tissue-specific genes in fifteen mouse
tissues. While SAGE tag counts can provide reliable
estimation of gene expression, it is rather inefficient and
expensive to apply SAGE to profiling a large number of
tissue samples with biological replicates.
The DNA microarray technology has been widely used
to simultaneously profile the levels of thousands of mRNA
transcripts in various tissues, and may hold great promises
for elucidating the molecular mechanisms of complex
human diseases. Nevertheless, most microarray datasets
have been generated for identifying disease-associated
biomarkers, classifying disease types, and predicting
treatment outcomes. Only a few microarray studies were
designed to examine human tissue-specific gene expression.
Su et al. [5] used custom oligonucleotide arrays to study the
expression patterns for thousands of predicted genes across
a panel of human and mouse tissues. The NCBI Gene
Expression Omnibus (GEO, publicly available at
http://www.ncbi.nlm.nih.gov/geo/) has an Affymetrix
microarray dataset for human body index of gene expression
(GSE7307, submitted by Richard B. Roth). Since each
individual dataset does not contain a large number of
expression profiles of various tissues, computational
methods are needed to integrate the microarray data from
different biomedical research projects, and then extract
meaningful information from the integrated data.
In this study, we have compiled a compendium of
2,968 microarray expression profiles of various human
tissues from the NCBI GEO database. These expression
profiles have been selected from 131 microarray datasets
generated at different laboratories. Our hypothesis is that the
publicly available microarray expression profiles from

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

heterogeneous sources can be integrated into a single
dataset for examining gene expression patterns across
various tissues. The data integration approach includes
microarray data normalization, transformation, and quality
control. The integrated data have been used to identify liver
and testis-specific genes using a new computational method
based on both microarray hybridization intensities and
detection calls.

2
2.1

Methods

121

While the invariant set normalization method could reduce
the variation in microarray profiles from different studies, it
might not be applied to an expression dataset with various
tissue types. For a given group of CEL files, dChip was
used to calculate the model-based expression values and
make the detection calls for each array. The qualitative
detection call (Present, Marginal or Absent) provides a
statistical assessment about whether the perfect matches
(PMs) show significantly more hybridization signal than the
corresponding mismatches (MMs) in a probe set.

Microarray data integration

Human microarray data were obtained from the NCBI
GEO database on November 3, 2009. The following criteria
were used to select microarray expression profiles in this
study. First, the selected profiles were generated using the
Affymetrix HG-U133 Plus 2.0 Array, a recent platform for
complete coverage of the human genome with 54,675 probe
sets. This array platform was used by the majority of human
expression profiles available in the GEO database. Second,
a detailed description of a microarray profiling study and
raw data in CEL file format should be available. The
description contained important information about a
microarray sample (e.g., tissue source, clinical condition,
treatment, etc). Third, the selected expression profiles were
obtained with normal tissue samples (mostly postmortem
samples). Microarray profiles of cancer cells or diseased
tissues were excluded from selection. Fourth, the tissue
sample used for microarray profiling should not be cultured
in vitro or treated with any drugs before RNA extraction.
No expression profiles of cell cultures were selected.
By following the above criteria, we compiled 3,030
microarray gene expression profiles across a variety of
human tissues (Table I). The number of selected profiles
varied among different tissues, depending on data
availability. An attempt was made to include as many
tissues as possible, even though some tissues had only a few
expression profiles available in the GEO database.
Nevertheless, some tissues had a relatively large number of
expression profiles, and were thus suited for identifying
tissue-specific genes.
One challenging task was to combine the expression
profiles of various tissue types and from different
microarray studies into a single integrated dataset. In this
study, microarray raw data in CEL file format were
downloaded from the GEO database, and then normalized
by
using
the
dChip
software
(available
at
http://www.dchip.org). The microarray CEL files were
organized into different normalization groups, each of
which contained expression profiles of the same or similar
tissue type. Then, each group of microarray profiles was
normalized by using the invariant set method of dChip [6,7].

TABLE I.

LIST OF HUMAN TISSUES AND MICROARRAY
EXPRESSION PROFILES

Tissue
Brain (various regions)
Pituitary gland
Thyroid gland
Adrenal gland
Pancreas
Skeletal muscle
Skin
Adipose tissue
Retina
Gingiva
Salivary gland
Tongue
Stomach
Small intestine
Colon
Liver
Kidney
Breast
Ovary
Uterus
Placenta
Umbilical cord
Testis
Prostate
Nasal epithelium
Airway epithelium
Lung
Alveolar macrophage
Heart
Tonsil
Lymph node
Blood (various cell types)
Other tissues

# of profiles
selected
645
12
16
25
56
122
101
80
12
71
18
22
51
59
107
117
73
132
61
117
56
54
36
58
31
89
66
88
31
13
14
413
184

# of profiles
integrated
616
12
9
25
55
109
101
80
12
71
18
20
51
59
105
117
73
132
59
117
56
54
36
58
31
89
66
87
31
13
14
409
183
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The normalized microarray profiles were integrated
into a single dataset after outlier array exclusion and global
median transformation. When fitting the statistical model to
a probe set, dChip used an outlier detection algorithm to
identify array-outliers whose response pattern for the probe
set was significantly different from the consensus probe
response pattern in the other arrays [6]. After the model was
fitted for all probe sets, the percentage of probe sets
detected as array-outliers was calculated for each array. If
the percentage exceeded 15%, the array was discarded as an
outlier array. In this study, only 62 outlier arrays were
detected for all the 3,030 selected expression profiles (Table
I). Global median transformation was then applied to the
remaining profiles. Each expression value in a profile was
divided by the profile’s median value. The transformation
was necessary because the expression profiles from different
normalization groups often had different median values.
Thus, the integrated dataset had 2,968 expression profiles
with the same median value (i.e., 1.00).

2.2

Genome-wide identification of tissuespecific genes

In this study, a new computational method has been
designed to analyze the integrated microarray data for
identifying tissue-specific genes, which refers to the genes
specifically or preferentially expressed in a particular tissue.
The computational task is not trivial because of the
following reasons. First, the expression profiles have been
compiled from various studies, in which tissues at different
ages and in different conditions were used for microarray
profiling. Thus, the microarray expression profiles of the
same tissue type should not be considered as biological
replicates. Second, some tissue-specific genes can be
expressed at certain developmental stages or in specific
conditions, and their expression may not be consistently
detected in all the microarray profiles of a tissue type.
Third, microarray data are inherently noisy. It is thus
desired that both the expression values and detection calls
of microarray profiles can be utilized for tissue-specific
gene identification.
Figure 1 illustrates our approach for genome-wide
identification of tissue-specific genes. First, for a given
tissue type t, the microarray expression profiles are divided
into two sets: experiment set and control set. The
experiment set contains the expression profiles of tissue
type t, and the control set has the expression profiles of the
other tissue types. The experiment set usually has fewer
microarray profiles than the control set. For example, to
identify liver-specific genes in this study, the experiment set
contained 117 expression profiles, whereas the control set
had 2,851 expression profiles of the other tissue types such
as brain, kidney, muscle, skin, etc.

Figure 1. Schematic diagram of microarray expression data analysis for
genome-wide identification of tissue-specific genes.

Second, all the human genes (array probe sets) are
examined for significant expression in the microarray
profiles. The term “significant expression” in this study is
used to describe gene expression data that meet the
following two criteria: (1) the detection call is Present; and
(2) the expression value is no less than a threshold θ (θ ≥ 0).
Since there are no negative values in a microarray profile,
significant expression would be solely defined by the
detection call if θ = 0. For each probe set, the number of
significant expression in the experiment set (Se) and that in
the control set (Sc) are calculated. Genes that have Se ≥ min
and Sc ≤ max are selected for further analyses. The threshold
min is used to specify the minimum number of significant
expression that should be detected in the experiment set.
Considering the noise in microarray data, significant
expression may also be detected in the control set, but the
number Sc should not exceed max (maximum number of
significant expression). The threshold max is set to 0 if no
observation of significant expression is allowed in the
control set. For a tissue-specific gene, its frequency of
significant expression should be higher in the experiment set
than in the control set. Score1 is calculated as follows:

Score1 = log10

Se N e
Sc N c

(1)

where Ne is the total number of expression profiles in the
experiment set, and Nc is the total number of expression
profiles in the control set.
Third, for each selected probe set, its expression level
in the experiment set is compared with that in the control
set. Our hypothesis is that potential tissue-specific genes
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should show higher expression in the experiment arrays than
in the control arrays. Score2 is calculated as follows:

Score2 = log10

Xe
Xc

(2)

where X e is the mean expression level of the selected probe
set in the Se experiment arrays with significant expression,
and X c is the mean expression level in control arrays. In
this study, the control arrays were sorted according to their
expression values for the selected probe set, and the top Se
control arrays with the highest expression values were used
to compute the mean, X c . The probe sets with Score2 ≤ 0
were excluded from consideration for tissue-specific genes.
Finally, the potential tissue-specific gene targets are
prioritized according to the overall score, which is
calculated as follows:

Priority S core = w1 × Score1 + w2 × Score2

(3)

where w1 and w2 are two weights for Score1 and Score2,
respectively. In this study, w1 = 1 and w2 = 1 were used to
calculate the priority score for each selected probe set. The
targets were further evaluated by the permutation analysis as
described below.

2.3

Significance evaluation by permutation

To evaluate the statistical significance of a tissuespecific expression pattern, the microarray hybridization
signals of the probe set, including its expression values and
detection calls, were permuted, and then divided into the
experiment and control set to calculate the priority score.
After one million permutations were performed for each
selected probe set, the significance level (p-value) was
calculated as the fraction of permutations that gave rise to
scores greater than or equal to the actual priority score of
the probe set. The p-value thus provided an estimation of
the probability for observing the tissue-specific expression
pattern by chance.

3

Results

The effective use of public microarray data requires
collection, curation and integration of expression profiles
from heterogeneous sources. We have compiled a
compendium of 2,968 expression profiles of various human
tissues from 131 microarray studies. These expression
profiles have been combined into a single dataset after data
normalization and transformation. To demonstrate that the
integrated microarray data are useful for studying human

gene expression patterns, we have analyzed the data to
identify tissue-specific genes. Although the analysis can be
performed for any tissues with available microarray data
(Table I), we present in this paper the results from two case
studies on liver and testis-specific gene expression.

3.1

Liver-specific gene expression

The liver plays a key role in metabolism, and its
functions include plasma protein synthesis, detoxification,
and production of bile necessary for digestion. To identify
liver-specific genes, the microarray data were grouped into
the experiment set consisting of 117 liver expression
profiles and the control set containing 2,851 profiles of nonliver tissues. The parameters for the analysis are as follows:
θ = 1.00 (array median value), min = 23 (~20% of liver
arrays), and max = 29 (~1% of control arrays), where θ is
the relative intensity threshold for significant expression,
min is the minimum number of significant expression in the
experiment set, and max is the maximum number of
significant expression in the control set. There are 77 probe
sets identified for potential liver-specific genes, and the
priority score ranges from 1.64 to 5.88. Based on the
permutation analysis, the liver-specific expression patterns
of all the selected genes are statistically significant
(p < 0.000001).
Interestingly, 17 of the top 20 high-scoring genes
listed in Table II are previously known to be expressed
specifically in the liver. In particular, nine genes (MASP2,
CFHR5, CFHR3, CRP, SERPINC1, F2, CFHR4, APOA5
and MBL2) are highly expressed in the liver, and their
protein products are secreted to blood plasma. MASP2,
CFHR5, CFHR3, CRP, CFHR4 and MBL2 play important
roles in the innate immune defense against pathogens [8].
SERPINC1 and F2 are involved in regulating the blood
coagulation cascade [9]. APOA5 is an apolipoprotein
important for the regulation of plasma triglyceride level, a
major risk factor for coronary artery disease [10]. Six of the
known liver-specific genes encode metabolic enzymes
involved in cholesterol catabolism and bile acid
biosynthesis (CYP7A1), the urea cycle (ARG1), glyoxylate
detoxification (AGXT), and the oxidation of alcohols
(ADH4) and other compounds (CYP2C8 and HAO1). In
addition, HGFAC is a peptidase involved in hepatocyte
growth factor activation, and C14orf68 encodes a liverspecific mitochondrial carrier protein. The other three highscoring genes (SLC17A2, ASPG and TDO2) have not been
previously shown to be expressed predominantly in the
liver. Therefore, the results suggest that the approach
developed in this study can be used to not only confirm the
liver-specific expression of some known genes, but also
identify interesting targets for further experimental studies.
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TABLE II.

Probe
210798_x
208088_s
1554459_s
37020
210049
205754
207406
207097_s
207874_s
207027
220224
231703_s
224243
207256
219903_s
1557226_a
231702
231662
210326
237765

Gene
MASP2
CFHR5
CFHR3
CRP
SERPINC1
F2
CYP7A1
SLC17A2
CFHR4
HGFAC
HAO1
ADH4
APOA5
MBL2
CYP2C8
ASPG
TDO2
ARG1
AGXT
C14orf68

LIST OF HIGH-SCORING GENES WITH SPECIFIC EXPRESSION IN THE LIVER 1

Description
Mannan-binding lectin serine peptidase 2
Complement factor H-related 5
Complement factor H-related 3
C-reactive protein, pentraxin-related
Serpin peptidase inhibitor, clade C, 1
Coagulation factor II (thrombin)
Cytochrome P450, 7A1
Solute carrier family 17, member 2
Complement factor H-related 4
HGF activator
Hydroxyacid oxidase 1
Alcohol dehydrogenase 4 (class II), pi subunit
Apolipoprotein A-V
Mannose-binding lectin 2, soluble
Cytochrome P450, 2C8
Similar to asparaginase
Tryptophan 2,3-dioxygenase
Arginase, liver
Alanine-glyoxylate aminotransferase
Chromosome 14 open reading frame 68

Se
116
110
116
110
117
117
56
117
115
112
117
89
109
117
61
95
84
102
117
117

Sc
0
1
5
18
18
13
1
6
18
4
18
3
3
18
1
2
3
14
8
13

Xe Xc

26.61
95.56
103.31
228.26
213.02
135.57
19.52
45.67
138.54
22.37
86.38
18.26
14.26
74.97
7.03
8.27
13.10
40.21
14.95
23.52

Score
5.88
5.41
4.77
4.53
4.53
4.47
4.43
4.34
4.33
4.18
4.14
4.12
4.10
4.07
4.02
3.98
3.95
3.85
3.73
3.71

1
The number of significant expression in the experiment set (Se) and that in the control set (Sc) are shown together with the ratio of the mean expression
level in the experiment arrays to the level in the control arrays ( X e X c ).

TABLE III.

Probe
1554981
207736_s
231563
237319
1552395
1562864
243494
243143
231362
1560494_a
236661
220498
1556740
1554368
241527
1561704
241518
242925
1554855
1556207_a

Gene
C9orf11
TNP2
C2orf53
TSSK3
FAM24A
CPXCR1
IQCF6
ACTL7B
NT5C1B
RNF148
PARK2
-

LIST OF HIGH-SCORING GENES WITH SPECIFIC EXPRESSION IN THE TESTIS

Description
Chromosome 9 open reading frame 11
Transition protein 2 (histone to protamine)
cDNA sequence (GB: BF508261)
Chromosome 2 open reading frame 53
Testis-specific serine kinase 3
cDNA sequence (GB: BC033504)
cDNA sequence (GB: AI204633)
Family with sequence similarity 24, member A
cDNA sequence (GB: AI423933)
CPX chromosome region, candidate 1
IQ motif containing F6
Actin-like 7B
cDNA sequence (GB: AA398245)
5'-nucleotidase, cytosolic IB
cDNA sequence (GB: AI799028)
cDNA sequence (GB: BC041892)
cDNA sequence (GB: AA428659)
Ring finger protein 148
E3 ubiquitin-protein ligase parkin
cDNA sequence (GB: BC035261)

Se
19
18
19
14
17
15
19
18
19
17
18
18
12
19
16
11
11
19
10
17

Sc
0
0
0
0
0
0
0
0
0
0
0
0
0
1
0
0
0
1
0
0

Xe Xc

71.87
52.45
49.40
36.33
22.10
22.90
15.59
15.27
14.14
14.38
12.53
11.49
16.70
99.85
11.57
16.40
16.11
91.88
16.74
8.65

Score
6.05
5.89
5.88
5.62
5.49
5.45
5.38
5.35
5.34
5.30
5.26
5.23
5.21
5.19
5.18
5.17
5.16
5.15
5.13
5.08
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3.2

Testis-specific gene expression

When compared with liver tissue, many other tissues
have fewer number of microarray expression profiles
available (Table I). The microarray dataset has only 36
expression profiles of the testis, which produces sperm and
male sex hormones. To identify testis-specific genes, these 36
expression profiles (experiment set) were compared with
2,932 microarray profiles of non-testis tissues (control set) by
using the following parameters: θ = 1.00, min = 7 (~20% of
testis arrays), and max = 29 (~1% of control arrays). The
analysis resulted in 606 probe sets with the priority score
ranging from 1.35 to 6.05, and the testis-specific expression
patterns of these targets were shown to be statistically
significant by permutation testing (p < 0.000001).
The top 20 high-scoring targets listed in Table III
include five known testis-specific genes (C9orf11, TNP2,
TSSK3, ACTL7B and NT5C1B). The C9orf11 gene encodes
a vesicle membrane protein involved in the biogenesis of
acrosome, a cap-like structure that covers the anterior half of
the head in the spermatozoa [11]. TNP2 is a chromosomal
transition protein for the conversion of nucleosomal
chromatin to the compact form found in the sperm nucleus
[12]. TSSK3 is a protein kinase expressed exclusively in the
testis, and may be involved in signal transduction during male
germ cell development or mature sperm function [13].
ACTL7B and NT5C1B are expressed preferentially in the
testis, but their exact functions are still unknown.
The other high-scoring targets have not been previously
shown to be testis-specific genes. PARK2 is known to be
expressed in the brain, and mutations in this gene cause
Parkinson disease [14]. The results from this study suggest
that the highest expression of PARK2 appears to occur in the
testis (Table III). There are five other genes (C2orf53,
FAM24A, CPXCR1, IQCF6 and RNF148) whose expression
and function in the testis have not been well documented in
the literature. In addition, the high-scoring targets include nine
cDNA sequences. Interestingly, all the sequences except
BC033504 and AI423933 were obtained from testis cDNA
libraries (BC033504 from a brain library and AI423933 from
a glioblastoma library). Considering the relative small sample
size of testis expression profiles, it is uncertain whether all the
selected probe sets represent true testis-specific genes.
However, the targets with high priority scores should provide
a good starting point for experimental studies on testisspecific gene expression and function.

4

Conclusions

A large microarray dataset has been compiled in this
study for genome-wide analysis of human tissue-specific gene
expression. The dataset contains 2,968 expression profiles of
various normal tissues from 131 microarray studies. A new
method has been designed to identify tissue-specific genes
using both microarray intensity values and detection calls. To
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demonstrate that the integrated microarray data can be used to
investigate gene expression patterns, we have examined the
lists of potential liver and testis-specific genes. Notably, many
of the high-scoring targets are actually known tissue-specific
genes, suggesting that the approach developed in this study
works effectively. Furthermore, the approach can be used to
identify some interesting targets with tissue-specific
expression patterns. These targets may be used for further
experimental studies on human gene expression and function.
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Abstract - The availability of complete genomic sequences as
well as other gene related databases, such as gene expression
datasets, allows for extended exploration of the production of
gene products. Using the length distribution data of the
coding and non-coding regions of a gene and it
corresponding gene expression values the aim was to
determine if there was a relationship between these values.
Pearson’s correlation showed that the coding and 5’ UTR
lengths are negatively correlated in relation to gene
expression intensity, however the 3’ UTR length showed
positive correlation. This was confirmed by using quantile
regression analysis on the data. The results support the role
and importance of these length regions in the regulation of
gene expression.
Keywords: non-coding sequence, coding sequence, untranslated regions, gene expression, quantile regression

1

Introduction

Gene expression is a process pivotal to all living
organisms. The process involves the fabrication of functional
gene products such as proteins, which is template by DNA
via messenger RNA. The process involves several phases,
and has strict levels of control at the transcriptional and
translational initiation and elongation stages, proving more
complex in eukaryotes than prokaryotes. Importance in the
stability of the mRNA, localization, and translational
efficiency has been allied with the un-translated regions of
the gene, the 5’ and 3’ UTR [1] [2]. The production and
regulation of gene products is a very important and
complicated process that implores attention.
The availability of numerous complete genomic
sequences, as well as the gene expression data offered from
microarray expression experiments permits advanced
statistical and biological analysis in relation to gene
expression. Much research has been published on the analysis
of microarray data, focusing on classification and clustering
of data [3] [4]; influence of introns and un-translated regions
(UTRs) [5] [6] [7]; codon usage, composition and evolution
[8] [9] [10] [11].

Variations in protein size, coding and non-coding
sequence length and intron number and size differ
significantly among living organisms. Research has found
within complex organisms such as Homo sapiens and
Caenorhabditis elegans that highly expressed genes typically
boast fewer and shorter introns, shorter coding sequences,
shorter intergenic regions, shorter mRNA and shorter 3’
UTRs [1]. In other animal studies, it has been reported that
there has been negative correlations between gene expression
and coding sequence and protein length, indicating that
highly expressed genes are smaller in length [12] [8] [9]. Ren
[10] established that within plant genomes highly expressed
genes comprise additional and longer introns, and primary
transcripts, suggesting highly expressed genes are larger, in
contrast to animal genes.
The intention of this research was to take the noncoding and coding sequence length data obtained from the
internet of the Arabidopsis thaliana and use it to examine if
there is a relationship between the length distributions of
these gene regions and gene expression intensity.

2

Materials and Methods

The gene length was divided into three sections, and
data was collected for each region including and excluding
introns. The distances were measured in base pairs (bp) of the
nucleotide sequence, and the regions were separated into
coding and non-coding regions. The first region is situated
between the Translation Start Site (TLS) and the Translation
Stop Codon (TSC). This region will be referred to as D1, or
coding region length (TLS-TSC distance). The second region
encompasses the +1 position after the promoter (the
Transcription Start Site (TSS)) to the last nucleotide before
the TLS. This region will be referred to as D2 (TSS-TLS
distance). The third region is situated between the translation
stop codon (TSC) and the Transcription Termination Site
(TTS), and will be referred to as D3 (TSC-TTS distance). The
data collected without introns is denoted as d1, d2 and d3
respectively [13].
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Data Sources

Collection of data for Arabidopsis thaliana was
extracted from public databases from the world-wide-web.
The NCBI reference sequence assembly database provided a
comprehensive table on the coding sequence data
[http://www.ncbi.nlm.nih.gov/]. To obtain the coding
sequence (CDS) length, the start and stop positions
referenced from the genome were exploited. The coding
sequence lengths that did not contain introns were calculated
from the protein length values.
The un-translated regions for Arabidopsis (3’ and 5’
ends) (March 2008), the intron data (June 2009), and the
Microarray
data
[ftp://ftp.arabidopsis.org/home/tair/Microarrays/AFGC/] were
collected
from
the
TAIR
website
[http://www.arabidopsis.org/help/helppages/BLAST_help.jsp
#datasets]. The average intensity values from the microarray
data were used in this study, and were calculated from a
simple average value from all of the AFGC microarray
experiments. The average intensity value represents a large
range of conditions and tissue types.

2.2

Statistical Analysis

Pearson’s correlation was applied to the datasets for
testing the degree of linear relationship between the variables
gene expression and the length of each gene region.
Calculations were acquired from SPSS at a significance level
of α 0.1.
Median and mean values were compared due to the
nature of data. Skewness and kurtosis formulas were
calculated and were used to measure the observations that
were clustered around a central point, or to measure the
asymmetry of the distribution.
The skewness and kurtosis analysis on the datasets
identified left and right skewness in the data, no data was
normally distributed. Therefore, to compare means, the
Kruskal-Wallis test was performed to compare three or more
independent groups of sampled data, which makes no
assumptions about the distribution of the data.
In ecology, quantile regression has been proposed and
used as a way to discover more useful predictive relationships
between variables in cases where there is no relationship or
only a weak relationship between the means of such variables
[14]. After preliminary analysis of the length distributions
and gene expression using standard Pearson’s correlation,
quantile regression was used to extend the effect of gene
length distribution on the average gene expression intensity.
This type of analysis exposes the influence of independent
variable(s) on a dependent variable in terms of variation
range and conditional distribution status in greater depth [15].
Quantile regression models are used in this study to
model average gene expression on the length of non-coding
regions (3’ UTR and 5’ UTR’s) and coding regions for
Arabidopsis thaliana using the dataset without introns. To
build up an appropriate quantile regression model for the
average gene expression intensity and the length of coding

region dataset, we started with the linear quantile regression
model. Then we tested the quadratic, the cubic and higher
order quantile regressions until an appropriate model was
found. The Akaike Information Criterion (AIC) was used as a
criterion to assist in the model selection. The following
models are used to fit Arabidopsis thaliana dataset:

Qint ( d1 )   0 ( )  1 ( )d1   2 ( )d12   ( )

(1)

Qint ( d 2 )   0 ( )   1 ( ) d 2   ( )

(2)

Qint ( d 3 )   0 ( )  1 ( ) d 3   2 ( ) d 32   ( )

(3)

Qint ( d1 ) , Qint ( d 2 ) and Qint ( d 3 ) are the

where

 th quantile of the average gene expression intensity on the
length of coding region, the length of 5’ UTR region and the
length

of

 i ( )

3’

UTR

region

covariates

respectively.

are unknown parameters in the model and need to

;i0 ,1, 2

be estimated.

 ( ) is the error term in the model ; 0    1

Equations (1) and (3) are quadratic quantile regression models
of the average gene expression intensity on the length of
coding region and the length of 3’UTR region respectively.
Equation (2) is a linear quantile regression model of the
average gene expression intensity on the length of 5’UTR
region.

3
3.1

Results
The average expression level of genes in
relation to the length of the coding
sequence region

For the coding sequence, the length data was split into 5
length categories (Table 1). In the lowest category ≤ 100
there were no values obtained, as the coding sequence started
at length values above 100. In each of the datasets that
included (data not shown) and excluded introns it was
observed that the shorter the coding sequence length for each
gene, there was an increase in the average intensity (gene
expression). Pearson correlation confirmed this with
negatively significant results (r = -0.108 without introns; r = 0.87 with introns).

3.2

The average expression level of genes in
relation to the length of the 5’ UTR region

The data for the 5’ UTR lengths (Table 2) show a
similar trend as seen in the coding sequence data, with the
shorter the length of the 5’ UTR the higher the average
intensity values. When Pearson’s correlation was applied to
this dataset, significant negative correlations were also
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observed (r = -0.045 without introns; r = -0.036 with introns).
The dataset without introns exhibited a larger variation in
gene expression from each length category than the dataset
with introns (data not shown). It was also observed that the
length values from greater than 100 to less than or equal to
1000 did not vary considerably in the average intensity
values.

3.3

129

relation to the length of the 3’ UTR region
The analysis for the 3’ UTR data (Table 3) showed a
very distinctive result. The shorter the 3’ UTR length the
lower the average gene expression. Therefore indicating a
positive correlation. The Pearson correlation r values were
also positively significant (r = 0.105 without introns; r =
0.063 with introns).

The average expression level of genes in

Table 1 – Coding sequence of Arabidopsis thaliana without introns. The average length (bp) in comparison to average intensity
(gene expression) in 5 length regions (sample size N=17,405).
Length (bp) of
Coding Sequence
(d1)*

Gene
Number

Average
Length

Median
Length

Average
Intensity

Median
Intensity

Skewness

Length
> 100,  250
> 250,  500
> 500,  1000
 1001

70
1478
5057
10800

210
407
778
1619

210
417
789
1416

11746
9406
8162
7720

8803
7786
5658
5051

-0.289
-0.409
-0.260
3.706

Average
Intensity
0.873
1.155
1.464
1.739

Kurtosis

Length
-0.210
-0.804
-1.037
26.534

Average
Intensity
-0.574
1.620
1.897
3.381

Pearson Correlation: r = -0.108* (*Correlation is significant at the 0.01 level (2-tailed))
*No sequences fall into  100 bp subset

Table 2 - 5’ Un-translated region of Arabidopsis thaliana without introns. Average length (bp) in comparison to average intensity
(gene expression). Data was split into 5 regions, with a sample size of N=17,405.
Length (bp) of
5’ UTR (d2)

Gene
Number

Average
Length

Median
Length

Average
Intensity

Median
Intensity

Skewness
Length

 100
> 100,  250
> 250,  500
> 500,  1000
 1001

6833
7612
2445
485
30

65
157
332
645
2312

70
146
314
589
2424

8689
7548
7658
7657
3881

5804
5308
4910
4808
3119

-0.677
0.562
0.852
0.909
-0.152

Average
Intensity
1.522
1.643
1.368
1.647
4.509

Kurtosis
Length
-0.355
-0.806
-0.124
-0.216
-0.178

Average
Intensity
2.412
2.889
1.196
2.994
22.586

Pearson Correlation: r = -0.045* (*Correlation is significant at the 0.01 level (2-tailed))

Table 3 – 3’ Un-translated region of Arabidopsis thaliana without introns. The average length (bp) in comparison to average
intensity (gene expression). Data was split into 5 length regions (Sample size N=17,405).
Length (bp) of
3’ UTR (d3)

Gene
Number

Average
Length

Median
Length

Average
Intensity

Median
Intensity

Skewness
Length

 100
> 100,  250
> 250,  500
> 500,  1000
 1001

541
7949
7614
1161
140

65
192
335
631
1327

74
197
318
599
1212

6878
7044
8852
9382
9782

3663
4738
6145
6239
7302

-0.625
-0.464
0.747
1.010
0.481

Pearson Correlation: r = 0.105* (*Correlation is significant at the 0.01 level (2-tailed))

Average
Intensity
1.426
1.715
1.503
1.508
0.829

Kurtosis
Length
-0.831
-0.739
-0.485
0.633
-1.304

Average
Intensity
0.774
3.113
2.465
2.262
-0.467
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Quantile regression analysis – lengths of
coding and non-coding regions

(b)

Quantile regression was conducted on the length data
for the coding region, 5’UTR region and 3’UTR region in
relation to gene expression (Figure 1 (a), (b), (c)). The
coefficients for d1 and d 2 in models (1) and (2) are negative
for all quantile cases, however the coefficients for d 3 (in
model (3)) are positive. This indicates that the length of the
coding region and the length of 5’UTR region (without
introns) are negatively related to the quantiles of the average
gene expression intensity while the length of 3’UTR region
(without introns) are positively related. The patterns observed
(Figure 1) shows the values of the quantile of the average
gene expression intensity decreases as the value of d1 (a) or

d 2 (b) increases. However, as the value of d3 (c) increases so
does the value of the quantile of the average gene expression
intensity increase only in the length range of 0 to 1000 bp. As
d3 increases after 1000 bp the quantile of the average gene
expression intensity decreases. Therefore, the larger the
quantile, the faster the quantile curve proceeds down,
d1 increases, while the quantile lines are steadier for d 2 .
After initial increases, the average gene expression intensity
decreases as d 3 increases.

(c)

(a)

Figure 1: The quantile curves of the average gene expression
intensity on the length of coding region (a); the length of
5’UTR region (b) and the length of 3’UTR region (c) The
conditional quantiles include the range of 0.3 to 0.7 in
quantile increments of 0.1.

4

Discussion

Our study using the average gene expression intensity
data of Arabidopsis thaliana has verified previous research
[9] [12] [16] that there is negative correlation between the
length of the coding sequence (d1) as well as the 5’ un-
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translated region (d2) and gene expression levels. Further
analysis has also found that the 3’ UTR showed a positive
correlation. The use of a non-linear model to identify
correlations between these regions has been demonstrated
here. Previous research conducted by us found that there is a
non-linear function relationship between the coding sequence
length and the 5’ UTR region [13], and supports the fact that
there is a non-linear relationship in the Arabidopsis data in
relation to gene expression. Using quantile regression
modeling, to further test this correlation, it has confirmed the
results, and is capable of aiding in the investigation of coding
and non-coding length distributions on gene expression.
Negative correlations were found between the length of
the 5’ UTR and coding sequence and gene expression.
Raghava [9] reported significant negative correlation in the
expression levels and gene length for Saccharomyces
cerevisiae, with an r value of -0.18. The observations of the 5’
UTR and coding sequence indicate that for Arabidopsis
thaliana may be subject to evolutionary constraints in the
management of gene expression. Longer 5’ UTR regions in
eukaryotes can produce defective proteins due to a higher
instance of mutation to the translation-initiation codons [17].
A theory many have considered is that to reduce the cost of
energy in gene expression, natural selection supports shorter
proteins and shorter introns [18]. This could undoubtedly be
the circumstance with large protein lengths, which could
impact on the energy cost of biosynthesis, shorter protein
lengths could contribute to higher efficiency in synthesis [19].
Since the 5’ UTR and coding sequences are essential
components of the production of proteins in any living
organism, it is reasonable to assume that selection act on these
sequences of genes to amplify transcription and translation
effectiveness. Urrutia & Hurst [20] postulate that due to the
small length size of the sequences, in their case, protein size
in relation to gene expression that selection is acting on these
genes to maximise transcription and translation efficiency.
However, a model proposed by Lynch [17], for the evolution
of 5’ UTR length suggests that the evolution of the length of
this region is influenced by stochastic processes, rendering it
selectively neutral [17]. Reuter [21] disputed this model
suggesting that UTR length evolution is affected by the
gene’s function and secondary mRNA structures. The length
of the 5’ UTR showed some influence in gene expression, to
extend on this research further, gene function may indicate the
evolutionary weight to changes in these lengths.
Our results on the 3’ UTR gene regions lengths were
reverse to that of the 5’ UTR and coding sequence. They
showed a positive correlation between the 3’ UTR length and
gene expression intensity levels. 3’ UTRs have been related to
the stability of mRNA processing, but it can be difficult to
interpret due to the involvement of the mRNA in all
processes. The importance of this un-translated region is
evident in many studies examining the presence of 3’ UTR in
tumor growth [22], 3’ –processing end sequences on gene
expression in plant cells [23], regulation of mouse K Opioid
receptor gene expression by different 3’ Un-translated regions
[24].
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Extension of the 3’ UTR has also been allied with a
pathway known as nonsense-mediated mRNA decay (NMD),
where it was seen in Saccharomyces cerevisiae that 91% of
the longer 3’ UTR mRNAs tested were affected by NMD
[25]. Mutually, the 5’ and 3’ UTR’s involvement in gene
expression is broadened to include further quality control
mechanisms to strengthen the dependability of accurate
protein formation [26], and length is a contributing factor to
these control mechanisms. The lengths of the 3’ UTR’s varies
substantially within eukaryote genomes. Humans present
longer 3’ UTRs, compared to plants with a difference of 33%
in length [27]. The evolution of longer 3’ UTR’s, as seen in
humans, may be contributed to the regulation of gene
expression which use this increase in length for posttranscriptional control mechanisms [28]. The results for the 3’
UTR for this particular plant species, showing higher levels
of gene expression indicates that there are evolutionary forces
at work and the increased length plays a role in the regulation
of gene expression. Tanguay & Gallie [29] concluded from
experiments on carrot protoplasts that there was an increase
in stimulated expression by 24.5 fold when the 3’ UTR was
increased to 27 bases. The un-translated region influence
gene expression by way of RNA stability and translational
efficiency [29] [28] (3’ UTR) and facilitating translation (5’
UTR). Our results support the role and importance of these
regions in the regulation of gene expression.

5

Conclusion

Using the comprehensive Arabidopsis Information
Resource (TAIR) database it has been possible to evaluate the
relationship between the coding as well as the non-coding
sequences and gene expression in the model plant species
Arabidopsis thaliana. The research in this paper has
confirmed previous findings on protein lengths, and
discovered that the coding and 5’ UTR sequences are
comparable, whereas, the 3’ UTR had dissimilar trends. The
patterns found have contributed some generalised
understanding about the relationship between gene expression
and the length distributions of the non-coding regions. To
extend on what has been ascertained, a further breakdown in
tissue type, environmental conditions, chromosome level and
gene function [7] would be beneficial in broadening
understanding. An extension on the quantile regression model
that uses the interaction of all three regions ( d1 , d 2 and d 3 )
could show which length region has the most influence on the
average gene expression intensity.

6
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Abstract
Network motifs have been suggested as a means to
understand Systems biological functions. In this
paper based on several arguments from computer
science, logic, mathematics, chemistry and system
theory, we show that an assembly of such motifs
cannot capture the dynamical functions carried out
by the complex networks that form the basis of
systems biology and other natural systems.
Key Word s
Complex Network, Graphs, Lyapunov exponents,
Motifs, Positive entropy , System biology.

1.Introductio n
Many attempts are currently made to understand the
structure and function of complex networks in
systems biology, ecosystems, food-web and
chemical structures These include abstraction in
terms of motifs-small fragment subgraphs of the
relevant complex network. These attempts are
reminiscent of attempts over a number of years to
name chemical compounds based on such subgraph
concepts, as for example the well-known
Wiswesser Line Notation (WLN) and its variants,,
Krishnamurthy et al [8]. Similar approaches have
been made for patent analysis of chemical
compounds. These involve very complex
substructure search and have been only partially
successful in the sense of narrowing down the
search from application point of view. Also many
attempts have been made to obtain a chemical name
from which substructures can be inferred so that
they can be useful for design and analysis of
chemical compounds with applications to
antibiotics, cosmetics, food, fertilizers,medicine
etc. In all the above cases, we essentially require
static shape matching rather than inferring the
dynamical functions they carry out. To infer these

higher-level functions, we require both in vivo and
in vitro experiments, since structure and function
need not always be related. Although some
substructures may be sufficient to infer certain
functions, this may not always be necessary, and
further there are many cases in which different
substructures can exhibit same phenomena, as for
example , especially in toxins and venoms. Further,
most of the results obtained on these aspects are
based on statistical correlation and are only
statistically acceptable within some confidence
limits.

2. The Motif a pproach
The motif approach was pioneered by Uri Alon
[1,2,4] and his colleagues. In a very lucid book,
Alon [1] has examined transcription, transduction
and communication networks in Systems Biology
and has found that the following primitives are
universally present:
Feed-forward loops (FFL)- both coherent and
incoherent, autoregulation (single loop), Multioutput FFL, Bifan .
The graph motif approach may resemble a
structured program primitive. However, it must be
remembered that structured program primitives are
functionally complete, based on two-valued logical
functions or number theoretic computable
functions, while in the case of graph motifs we deal
with nonlinear real functions that are stochastic. In
this sense the motifs provide only a rudimentary
syntax for the system biology.
Further, it is to be noted that the definition of
functions in systems biology is entirely different
from computable or mathematical functions [9].
Three kinds of interrelated functions occur in
systems biology:
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(i) The biochemical function referring to the
chemical activity, binding and catalytic property
and conformational changes.
(ii) The cellular function that is context dependent
with respect to a tissue or an organ.
(iii) The phenotypic function that determines the
behavioural and physiological properties of an
organism in its environment.
In language theory, the above three functional
aspects are analogous to the syntax that deals with
the structure and grammar of a sentence (the
chemical structure, bonds and reaction), the
semantics that assigns a meaning to a sentence (its
role in cellular action), and thirdly the pragmatics
of a language which deals with the usability of the
language in successfully meeting its goals (survival
of an organism). All these functions are nonunique
and context dependent. That is, similar functions
can result in different outcomes and different
functions can result in similar outcomes due to their
many to one, and one to many mapping properties.
This is called multiple realizability and leads to the
failure of reductionism.
In mathematical logic these functions correspond
to higher-order logical functions that deal with the
nondenumerable properties of functions of another
function of yet another function, and hence turn out
to be noncomputable. In addition, proteins are multi
domain
structures,
undergoing
extensive
conformational changes and rapidly evolve their
folds through order-disorder transitions making the
complexity of folding problems in proteins
computationally very complex.

3. Moti f Approach
Ingram et al [6] pointed out the difficulty in Motif
approach to determine function from structure.
They show that that the dynamics of each motif can
exhibit a wide range of dynamical responses and
with the parameter variation, they can indeed
exhibit even opposite behaviour.
We elaborate further on this aspect based on other
arguments.

a. Computability viewpoint
As mentioned earlier, the assemblage of motifs
look somewhat analogous to the modular software
construction. In reality, the motifs are not
independent blocks and have positive and negative
feedback processes leading to nonlinear dynamics
that generate positive metric entropy and positive
Lyapunov exponents. Accordingly the system is no
longer separable into individual algorithmic
modules and emerges into a qualitatively new
system , that is either stochastic or chaotic [10].

b. Moran’s theorem
In a biological system, which is stochastic [7], any
slightly mutated individual block with differing
performance will tend to propagate though the
system and will dominate with its own fixation
probability. This is Moran’s theorem, Nowak [13].
Moran process is the simplest possible stochastic
model to study selection in a finite population.
Hence, any mutant that arises in a population with a
higher fitness will eventually take over the
population with a high fixation probability. The
selective force is so strong that the function of the
system will be different from what one wanted it to
be. As a result, identical motifs that may have
varying stochastic inputs, can generate functions
that may not be identical.

c. Graph Structures
The realization of a total graph based on
composition of subgraphs (or other strongly
connected components) is operationally easy.
However, the spectral radius (eigenvalue range) of
the composite graph cannot be easily determined,
unless the graph is organized as individual block
graphs with minimal (or weak) connections
between blocks, since only block matrices can have
eigenvalues of the individual blocks. If there are
many off diagonal elements that correspond to the
new links (however, weak) among the subgraphs,
the resulting graph will have widely differing
eigenvalues and hence the system behaviour is in
general, will be unpredictable, except for
deterministic known links. Thus, the principle of
reductionism does not hold in matrix eigenvalue
theory, as the spectral transitions are unpredictable,
in general, [4], [14].
For example, if the motif graphs are densely
connected, the eigenvalues can differ widely, and
this will affect their Lyapunov exponents, while
functioning in a dynamic environment. This can
result in totally different dynamical functions.

d. Proving Dynamic Functionality
In software engineering, all software will contain
structured programming primitives, such as,
assignment, decision, if, while loop and for loop. A
statistical analysis will give these as primitivesfrom which no one can guess what the computed
function is or whether the program will ever halt.
These structured primitives have been designed for
ease in programming for freedom from error. Using
these primitives as the basis, program correctness is
provable, Manna [9]. On the other hand, in the case
of network motifs such a modular approach will not
enable us to mathematically prove that the
assembled graph has the same dynamical
functionality as the original network. Simulation
might provide an answer –but not a proof.
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e. Reductionism and Emergence
As observed earlier biological and many other
complex systems are not amenable to
decomposition into subsystems and reassembling
into a total system due to their intrinsic emergent
properties. Even very simple lattice models, such as
Bak’s sand pile and Ising model exhibit
selforganization that is not predictable [11].
Therefore, it is not feasible according to the
reductionist argument that system biology can be
reduced to a few elementary components without
considering the global environment in which it is
embedded.

f. Nonlinear dynamics
In the Physics of Nonlinear dynamical Systems, it
is well known that even deterministic systems can
exhibit unpredictability due to chaos and positive
metric entropy. The properties of a Complex
network (CN) are governed by three important
parameters: Metric Entropy, Lyapunov exponents,
and Fractal dimension. There is a close relationship
between positive Lyapunov exponents (or
equivalently the eigenvalues of the interaction
matrix) and fractal dimensions. Lyapunov
exponents measure how the trajectories move apart
and they are measured as bits per second. If the
Lyapunov exponent is positive the rate at which
information is generated increases exponentially
and we need to measure increasing amount of
information. If the Lyapunov exponent is negative,
we need to measure decreasing amount of
information over time as we are moving towards a
stable state.
If h(1),h(2) ,...,h(j) are Lyapunov exponents in
ascending order that are greater than zero, and ,
h(j+1),..h(k) are less than zero in descending order,
then we have j stretching and (k-j) contracting
directions in the k dimensional trajectories, then the
quantity, Lyapunov dimension, [11]:
j

d(L) = j +1/|h(j+1)|

! h(i) . It is conjectured that
i =1

d(L) = d(b) the box-counting dimension.
Another dimension that is used is the topological
dimension. Here we add up the positive and
negative Lyapunov exponents until the sum is just
greater than or zero. The largest number j of
exponents h(j) added to keep the sum nonnegative
is the topological dimension D.
The Kaplan-Yorke dimension D(KY) is then
defined by [11]:
j

D(KY)= D+ 1/|h(j+1)|

! h(i) ,
i =1

If there are no negative Lyapunov exponents the
system is unbounded; if all the exponents sum to
zero the system is volume conserving and usually

structurally unstable, unless the system is energy
conserving. For nondissipative conservative
system, the Lyapunov exponents occur as a pair of
negative and positive exponents of equal values
that sum to zero. The system is then time
reversible.
In dissipative systems the sum of Lyapunov
exponents is negative with at least one negative
Lyapunov exponent; then the state space contracts
and collapses onto an attractor.
The fractal dimensions d(L)and D(KY) can
change rapidly depending upon h(i) as a function of
the network size, the nature of the connectivity
structure and the interaction among the
components.The Lyapunov exponents
then
determine the stability or instability of the system
and emergence, Scott [15], Murthy and
Krishnamurthy [11].
In multidomain proteins, each domain has a
compact globular structure and is an independent
folding unit; further all the different domains can
fold simultaneously. From the graph theory point of
view, the residues within a domain are more
densely connected than with the residues in
different domains, and different domains are
sparsely connected. In this case, the adjacency
matrix of the protein graph nearly assumes a block
diagonal form. The dynamical stability of the total
system is essentially governed by the stability of
each individual domain, and the small positive
Lyapunov exponents in each domain are nearly
unaffected by its neighbouring domains. This
network becomes quickly stable reaching the
attractor of the system, namely, its native state.
However, computing Lyapunov exponents for
folding and unfolding of proteins is extremely
challenging due to their large phase space
dimensionality and the rate at which information is
generated. A similar situation arises, when a
composite set of motifs are assembled and the
system stability is to be inferred.
An interesting example is the simulation of
chaotic dynamics of Abductin , a rubber protein,
consisting of the sequence of ten Amino acids:
Phe-Gly-Gly-Met-Gly-Gly-Gly-Asn-Ala-Gly, that
has a 10 dimensional phase space, Villani [17].
This system exhibits emergence and hence cannot
be described in terms of its simple vibrational and
rotational movements. It reaches a self-organizing
critical state and is chaotic with 6 positive and 4
negative Lyapunov exponents. Villani [17] has
computed the Lyapunov exponents in forward and
backward in time. These are respectively:
(0.4815, 0.3959, 0.3161, 0.2346, 0.1392, 0.0190, 0.1171, -0.3131, -0.6109, -1.2779) and
(0.5513, 0.4666, 0.3772, 0.2907, 0.1969, 0.0786, 0.0576, -0.2505, -0.5426, -1.1906).
The first of these nine exponents sum to
nonnegative values, namely: 0.5452 and 1.1106.
The Kaplan –Yorke fractal dimension [11] for
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forward and backward in time are:
9+ (0.5452/1.2779)= 9. 42 and
9 + (0.1.1106/1.1906) = 9.93.
This indicates that in dimension 10 the hypervolume is contracting and the attractor has a
Kaplan-Yorke dimension between 9.42 to 9.93.
Shakhnovich (see[11]), observes that long range
interactions result in two-state cooperativity, while
short range forces interactions accelerate the
folding of proteins. Depending upon their spectral
properties [14], protein networks, under suitable
environmental conditions, can exhibit either
percolation like transition or stability to local
fluctuations.

g. Chemical Kinetic conflicts
In systems biology and chemistry, depending upon
the temporal order of cooperative binding, varying
chemical reactions can occur due to changes in
chemical bonds, chirality and thermodynamics.
Ingram et al [6] demonstrate such examples from
gene regulation and protein production. In fact they
show that the characteristic output of a motif can
qualitatively be different, according to the detailed
structure they are embedded into. That is there is
local to global and global to local influence which
supports the argument of emergence.

4. Networks in Nature
We now recall some fundamental properties of
complex networks (CN) that occur in Nature and
examine the role of motifs and why motifs cannot
capture the functions of a CN.
Complex networks (CN) in nature exhibit the
following important properties:
1.Interacting
components,
Interaction
with
Environment, Energy source
A CN consists of a large network of number of
interacting components and an environment that is
defined by a boundary to discriminate the inside
(self) from the outside (nonself) of the CN. The
components collectively and cooperatively perform
actions, the actions being driven by an energy
source. These actions are coordinated to obtain
maximal efficiency to seek the optimum, under
varying environmental conditions and constraints.
Thus it is a nonlinear dynamic optimization
problem in a nonstationary environment in which
the constraints are not fixed and the evaluation of
fitness function is not pre-specified.
2. Network exhibits emergence
We say that a network N of interrelated
components in CN exhibit an emergent process E
with emergent properties P if and only if, [11]:
(i) Nonlinear dynamics: E is a global process that
instantiates P, and arises from the coupling of N’s
components and the nonlinear dynamics D of their
local interactions.

(ii) Global to local influence: E and P have a global
to local (downward) causation or determinative
influence on the dynamics D of the components of
N, and possibly:
(iii) Relational Holism: E and P are not
exhaustively determined by the intrinsic properties
of the components of N, that is they exhibit
relational holism.
Emergence has similarities to the phase transition
encountered in physics, where local changes result
in a global change in which new properties emerge
abruptly. In particular, under emergence, the many
degrees of freedom arising due to its component
parts collapse into a fewer new ones with a smaller
number of globally relevant parameters. That is the
properties of emergence cannot be predetermined
and the system evolves on a qualitatively new level
with respect to its global constraints. In this sense,
emergence implies the failure of the reductionist
hypothesis which claims that a total system can be
analyzed in terms of the intrinsic properties of the
constituent parts.
3.Power-Law Scaling or Scale-Invariance property
in emergence
It means that the given functional form F(x)
remains unchanged to within a multiplicative factor
under the rescaling of the independent variable x.
That is, such a property results in the equation:
F (ax) =
bF(x), namely invariance under
multiplicative changes of scale that results in selfsimilarity. This property can occur in both space
and time for the emergent properties of the CN.
4.Adaptation
including
fault-tolerance
and
resilience to damage
Adaptation is a condition that reflects flexibility or
capacity to change in relation to changing
conditions in a viable way. CN can self-modify
their past behaviour and adapt to environmental
changes, available resources, as well as, tolerate
failures or non-cooperation of some of their
components, in achieving a specified goal.
Evolutionary theory claims that organisms tend to
pass on from generation to generation those
properties that are more likely to help them adapt to
their environment (as in a Moran process). The
organisms carrying out this selection process most
efficiently will survive the longest, and that the
organisms will tend to find gaps in the natural
world in order to evolve in new ways that are not
already exhausted by existing organisms. This
means that over a period of time, organisms exhibit
emergent properties.
Also a mathematical functional or a recursively
computable relationship is not derivable between
adaptation, and mutation, selection and their
interplay. In evolutionary biology, many random
mutations and selections take place over a long
period of time to adapt to a new environment
resulting in the synthesis of new proteins, or
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stopping of the synthesis, or modification of
existing proteins. These result in newer biological
functions, such as:
sensitivity to ultraviolet
radiation, modification of haemoglobin, production
of antifreeze, production of venoms, toxins, and
loss of visual apparatus in animals living in
darkness or evolution of new organs. It is now well
established that all these effects arise due to
changing chemistry, through mutation of codons, to
adapt to a new environment.
Thus, the set of all possible chemical compounds
that can evolve during a long period of time, their
physical, structural properties (nature of bonds,
their angles, energy functions and reactions) and
biological activity properties, due to environmental
changes turn out to be noncomputable or
nonalgorithmic. Also, the cause- effect relation
among them tuns out to be circular, as to whether
the mutation was the cause or it is an effect due to
other means. Further, most functional properties
cannot be predicted in advance, and can only be
analysed after they have happened.
In summary, there are good reasons to believe that
the above four properties are interrelated to selforganization, stigmergy and self-assembly, as well
as, to systems exhibiting positive metric entropy,
self-similarity and the small world phenomena. It is
hard to separate these concerns as they form fuzzy
boundaries [11].
Also, it is well accepted that most complex
networks in nature are far from being random
networks. This does not imply that they are
amenable to structural decomposition and
reassembly. These complex networks widely vary
in their interactive connective structure and they
have widely differing average degree, characteristic
path length, cluster coefficient. Some are scale free,
some have small world property, Boccaletti et
al.[3], Newman [12], Murthy and Krishnamurthy
[11], Scott [15].
In some networks, the high
degree nodes are connected to high degree nodes.
These are called assortative or homophilic
networks. In disassortative networks high degree
nodes avoid being connected to high degree nodes.
These two types of networks are distinguished by
using a degree-correlation coefficient that is
positive for assortative networks and negative for
disassortative networks, Newman [12]. Assortative
mixing seems more prevalent among social
networks. However, both assortative and
disassortative networks seem to occur in biological
networks according to the requirement as to
whether percolation or stability to fluctuations is
needed.
The assortative networking results in larger
positive Lyapunov exponents (eigenvalues) of the
interacting matrix of the dynamical system. As the
network size grows the real part of the eigenvalues
scales as a power of the size of the network. This
means the system can quickly become unstable

resulting either in the formation of giant
components in graph networks exhibiting the
percolation phenomenon or collapsing like a house
of cards. Such a phenomenon occurs in self organizing critical systems, such as ion channels.
Here the sub units of proteins can alter their
conformation to permit an ion to enter or exit
through an interior hole connecting the inside of the
cell and the exterior solution, Mosekilde and
Mosekilde [10], Palla and Vattay [14].
In disassortative networking high degree nodes
avoid being connected to high degree nodes and
result in a smaller positive Lyapunov exponent (or
positive eigenvalues); as the size of the network
grows the real part of the eigenvalues have only a
logarithmic dependence on the size; hence the
dynamical fluctuations are not amplified and the
system can reach stability more quickly. It has been
observed that protein interactions happen in this
manner [11].
In fact, according to Moran’s theorem [12], the
assortative networks work as amplifiers of
selection, while disassortative networks tend to
suppress selection.

5. Graph A ssembly Model s
Graph Assembly models [4] have been used in the
study of food webs. Here starting from a few
species, new species are added by a process of
invasion (assembly) or speciation (evolution) to
generate large stable webs. This model is not
realistic since the initial pool of species is
predetermined, thereby limiting their choice and
coevolved species cannot be taken into account. In
food webs, it has been observed that there is
modularity and these increase the stability. Most of
these arguments are based on the eigenvalues of the
adjacency matrices [5].
Real systems including biological systems are
nonstationary, in which the parameters are
changing
with
time.
Thus
quantitative
understanding of a CN using the above parameters
with arbitrary time varying interactive topology is
difficult. These difficulties arise due to the
statistical nature of the models available and
inability to compute the exact parameters
numerically. However, for specific applications and
a pre-defined static interactive topology among the
motifs, the statistical parameters can be obtained
through simulation and tuned to build a special
purpose macro scale CN. Such a tuning scheme
seems to have formed the basis behind anthropic
coincidences and intelligent design. It is perhaps
possible to use Genetic Programming strategy to
build such a CN for achieving selective goals.
Unlike in a deterministic algorithmic system ,
stochasticity or randomness and chaos seem to have
provided a greater power to biological systems by
creating an internal mechanism for exploration and
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discovery. As a result, in a biological system
programmability is lost. The evolution of a resilient
complex system is linked to its adaptability.
Streamlining it through an algorithmic structure
interferes with its self -organization. Thus high
adaptability
is
mutually
exclusive
to
programmability; whenever maximum efficiency is
needed adaptive systems can do better than
programmable systems.

6. Life- like system
We assumed that CN satisfies some of the basic
requirements such as: cooperative and coordinated
interaction, emergence, power-law
scaling,
adaptation, fault tolerance and resilience. These
requirements are not adequate to realize life-like
systems.
A life-like system needs to satisfy the five
requirements, Shapiro [16] :
1. A boundary to separate life from nonlife. This is
essential to increase the entropy of the environment
and decrease the entropy of the living system.
2.An energy resource to drive the organization of
the network of components.
3. A coupling mechanism must link the release of
energy to the organization process that produces
and sustains life.
4.A chemical network must be formed that permits
adaptation and evolution.
5.The network grows and reproduces; means it gains
materials from outside faster than it loses.
The abstract CN differs from a life-like system,
since it need not be a chemical network. It appears
that the requirement of being a network of multiset
of chemical agents hierarchically organized on the
right scale, is essential for life providing the right
type of content-based activation, cooperative and
competitive interaction rules among them and with
their environment, for enabling, inhibiting,
autocatalysis,
altering
conformation,
shape
matching and binding, self-nonself discrimination,
diffusion, chemotaxis, conflict resolution based on
energy and other physical quantities, percolation
and swarming.

7.Conclusion
We examined the role of network motifs as a means
to understand Systems biology. Based on our
arguments from a wide range of disciplines, it is
difficult to say as to whether the approach based on
an assembly of motifs will capture the functional
properties of a composite graph and can provide
meaningful results in understanding life-like
systems.
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Abstract- DNA microarray technologies are an essential
part of modern biomedical research. The analysis of DNA
microarray images allows the identification of gene
expressions in order to draw biologically meaningful
conclusions for applications that ranges from the genetic
profiling to the diagnosis of oncology diseases. Although
various software solutions are currently available for
microarray data analysis, there has been a growing
requirement for better techniques ensuring higher level of
intelligence and robustness. This paper proposes a service
oriented architecture based software solution for analytics
and prediction of quantitative spotted cDNA or
oligonucleotide microarray data. Emphasis is placed on
establishing a pre-processing methodology for de-noising
data using 2-D MUSIC algorithm. The application uses
Principal Component Analysis, K-Means and Hierarchical
clustering to extract gene signatures and find gene patterns.
It also predicts whether the microarray data represents a
normal or a diseased state. The user-interface is developed
using the Google Web Toolkit. The aim is to make it a
diagnostic as well as a signature finding tool after noise
removal using a novel signal processing technique for
increased efficiency.

of poor efficiency and poor accuracy due to unreliability and
errors in microarray data. Therefore, only after using
suitable signal processing techniques, clustering algorithms
are applied and datasets trained.
We divide the development of NMAP [Fig. 2] into
three phases [Fig. 4]. Phase 1 consists of processing data as
a signal and removing false positives and errors using
various signal processing techniques. A novel technique ‘2D
MUSIC Algorithm’ is used as it removes noise from data
without compressing it. Phase 2 involves analysis of data
using Principal Component Analysis, Hierarchical and KMeans Clustering which would help in extracting gene
signatures and finding patterns which are variant or
invariant in two different biological specimens. Phase 3 is a
prognosis method which involves training the normal
samples datasets and then predicting whether the next
sample is normal or diseased by measuring Euclidean
distance across samples. The user interface is developed
using the Google Web Toolkit. MATLAB is used for
plotting noise in data to check whether noise has been
removed or not.

Keywords: Microarrays, Analytics, Prediction, Service
Oriented Architecture, Clustering, Normalization

1

Introduction

Microarray is a potential tool to explore
information inside genes. It consists of a small membrane or
glass slide containing gene samples arranged in a regular
pattern. These microscopic spots of DNA oligonucleotides
are used as probes to hybridize a cDNA under stringent
conditions. Probe-target hybridization is usually detected
and quantified by detection of chemiluminescence, labeled
targets to determine relative abundance of nucleic acid
sequences in cDNA. A digital image of the array is created
using scanning devices. After storing the data on the
computer, background data for each spot is removed and
data analysis is done [Fig. 1] [1].
In the last few years special importance has been
given to interpretation, classification and interrelationships
between genes expressed in microarray data to infer the
activity of specific genes, using clustering techniques and
other statistics. However these studies have got limitations

Fig. 1: Microarray Experiment [2]
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After plotting a Mesh plot of the original data and
the Fourier Transformed data using the Bioinformatics
ToolBox in MATLAB [5], spurious peaks are still obtained
indicating the presence of noise in the Fourier Transformed
data. For this reason, this technique is not used to remove
noise in NMAP.

NMAP

Noise Filtering

Fourier , Music
and
2-D Music
Algorithms

Analytics

Heirarchical
and
K-Means
Clustering
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Prediction

Prognosis Tool
using
Euclidean
Distances

2.2 Music Algorithm
It is an improvement of Pisarenko’s method which
is also a method for frequency estimation [6]. This method
assumes that a signal, x(n), consists of p complex
exponentials in the presence of white noise.
The frequency estimation function for MUSIC is

Fig. 2: Design Principles of NMAP

2

Noise Removal

where

are the noise eigenvectors and

We apply Fourier Transform, 1-D MUSIC
algorithm and 2-D MUSIC Algorithm on the given datasets
(SOFT files obtained from GEO) [3].
2.2.1 Matlab Code for MUSIC Algorithm

2.1 Fourier Transform
It provides a way to convert samples of a standard
time-series into the ``frequency domain''. This provides a
``dual'' representation of the function, in which certain
operations become easier than in the time domain. Since we
deal with a computational problem, we implement Discrete
Fourier Transform on the dataset via an object oriented
program developed in Java using the formula:

where ‘i’ is the imaginary unit and
root of unity [4].

is a primitive N'th

Cov=covariance(X);
[eigV, eigE]=eig(cov);
Var expV;
for I in 1:750
expV(i)=complex(i*2*pi);
end
var val;
for I in 1:750
var(i)=transpose(eigV(i))*transpose(expV(i));
end
Though MUSIC algorithm removes noise from
data and obtains a signature id dataset in the form of
omegas, it leads to compression of data. Due to poor backtrack ability, the algorithm is not suitable for
implementation in NMAP. Hence, we propose to use the 2D Music Algorithm.

2.3 2-D MUSIC Algorithm

Fig 3: Signal with Zero-mean random noise

It is a MUSIC-like method which removes noise
from data without compressing it. Hence data can be backtracked. It overcomes the disadvantages encountered in
Fourier analysis and MUSIC Algorithm.
A third-order matrix having a normal structure is
constructed, and a result giving a one to one correspondence
between the coupled frequency pairs, and the Kronecker
product between steering vectors lying in its signal subspace
is obtained. Based on this elegant algebraic result and the
eigen decomposition of the cumulant matrix, a class of
pseudo-bispectral estimators is constructed. We finally
arrive at a special case of one of them, termed as the
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MUSIC pseudo-bispectrum, in view of its close structural
similarity to the well-known MUSIC pseudo-spectral
estimator which is based on the eigen decomposition of the
autocorrelation matrix. Simulation results confirm the highresolution performance of the MUSIC pseudo-bispectrum in
detecting and resolving quadratically coupled frequency
pairs [7].

3

Analytics

3.1 Principal Component Analysis (PCA)
PCA is the most common form of Factor
Analysis, a statistical method to describe variability among
observed variables in terms of lower number of unobserved
variables [8]. It involves a mathematical procedure that
transforms a number of possibly correlated variables into a
smaller number of uncorrelated variables (orthogonal in
original dimension space) called principal components. The
new variables are linear combinations of the original ones
and capture as much of the original variance in the data as
possible. The statistical technique basically examines the
interrelations among a set of variables in order to identify
the underlying structure for those variables [9]. The First
Principal Component is the direction of greatest variability
(covariance) in data; and the Second Principal Component is
the next orthogonal (uncorrelated) direction of greatest
variability.
PCA is a form of unsupervised learning where no
prior information is needed. However, it may lead to loss of
information due to dimension reduction. The basic principle
involves a linear projection method to reduce the number of
parameters and mapping the uncorrelated variables into a
space of lower dimensionality.
3.1.1
1.
2.

3.

It is given by:
Score(i , k) = ∑ D(i , j)*L(j , k)
Where D(i , j) is the standardized value for the observation I
on variable j and L(j , k) is the loading of variable j on
component k.
Scoring highly on a single component simply means that the
original variable values for these locations are
overwhelmingly explained by a single component.
3.1.4 Method
•

•

•

•

•
•

Assumptions
Linearity: The data set is assumed to be a linear
combination of the variables.
Importance of Mean and Covariance: There is no
guarantee that the directions of maximum variance
will contain good features for discrimination.
Large variances have important dynamics: PCA
assumes that the components with larger variance
correspond to interesting dynamics and lower ones
correspond to noise.

3.1.2 Component Loadings: They are the correlation
values between the component and the original variable.
They tell us how much of the variation in a variable is
explained by the component.
3.1.3 Component score: It is a new variable value based
on the observation’s component loading and the standard
value of the original variable, summed over all variables.

•

The dataset is organized as an N × M matrix with
‘M’ observations and ‘N’ values in each
observation.
The covariance matrix is calculated and
subsequently decomposed to find the eigen values
and eigen vectors of the matrix.
The columns of the eigenvalue matrix and the
eigenvector matrix are then arranged in order of
decreasing eigen value maintaining the correct
pairing between the columns in each matrix.
The eigenvalues represent the distribution of the
source data’s energy among each of the
eigenvectors, where the eigen vectors form the
basis for the data. The cumulative energy content
for the mth eigenvector is the sum of the energy
content across all of the eigenvalues from 1 to m
and is calculated.
According to a threshold value, a subset of the
eigenvectors is selected as the basis vectors.
The source data is converted to z-scores which is
useful as it normalizes the dataset with respect to
its variance.
The z-scores of the data are then projected onto the
new basis.

3.1.5 Matlab function
[LOAD, SCORE] = princomp(X);
Here, X is the original data matrix.

3.2

Clustering

Clustering is the assignment of a set of
observations into subsets so that observations in the same
cluster are similar in a certain sense. Clusters represent one
way to identify similar gene expression across a set of
experimental samples. Hierarchical clustering takes a
bottom-up approach, which starts with each gene in its own
cluster. K-Means clustering takes a top-down approach,
which starts with a specified number of clusters and initial
positions for the cluster centers.
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3.2.1 Hierarchical Clustering

1.

The data are not partitioned into a particular cluster
in a single step. A series of partitions take place which may
run from a single cluster containing all objects to ‘n’ clusters
each containing a single object [10].
Hierarchical clustering requires a distance matrix.
For N genes (terminal gene clusters), it generates 2N-1
clusters. The distance matrix is upper diagonal matrix D of
dpq of size N(N-1)/2. D can get quite large for clustering a
large number of genes N. The algorithm is as follows:

2.
3.
4.
5.
6.
7.

•
•

Assign all N genes to clusters 1 to N, set n to N
Find two clusters p and q such that dpq is a
minimum
Compute a virtual cluster vector ep,q = average
(ep,eq)
Set n=n+1
Assign “virtual” cluster to new cluster n with
estimated value ep,q
Repeat step 2 until n = 2N-1.

8.

After noise removal by 2-D MUSIC algorithm,
we train the tool with normal data.
Let each dataset be N1, N2, N3 upto 10
samples.
N1 is taken as reference and ED is calculated
between N1 and N2, N3 and so on.
ED ratio is calculated taking N1N2 as base.
Results are stored in a file and scatter plot for
each are constructed.
The input file to be tested against trained data
is taken and all the steps are repeated with N1.
Combined scatter plot with N1N2 as baseline
is constructed showing how input data is with
respect to others.
A tree is made by calculating significant sum
of the ED ratios and all the nodes are shown.
The position of the input dataset from the
parent nodes shows whether it is a diseased or
a normal dataset.

These clusters are represented using dendograms.
3.2.2 K-Means Clustering
K-means clustering finds K clusters of similar
genes [10]. It uses variance of clusters to determine if they
can be split into sub-clusters by increasing K. It is a faster
method for clustering a large number of genes since a
distance matrix is not needed. The algorithm is as follows:
•
•
•
•
•

•
•
•

Pick seed gene s and put it into cluster 1 (let k=1)
For all clusters j=1 to k , find gene q such that djq is
a maximum
Set k=k+1. Put gene q into new cluster k
For j= k to K, repeat steps 2 and 3 until there are K
clusters
Then, assign (N-K) remaining genes q into one of
the K clusters j with minimum eij
Compute new virtual genes as means {ek} for each
of K clusters
Reassign all N genes q into K new clusters with
minimum dpq
using virtual genes {ep}
Variants: use multiple seed genes, range of K
values, minimize COV

4 Prognosis Tool
It predicts whether the dataset entered by the user
will represent microarray data from a diseased or a normal
person based on the trained datasets. This is done after
initial preprocessing and noise removal from the trained and
tested dataset. Similar work has been done to find the
structure of a protein from a huge dataset of dihedral angles.
We train the tool with normal samples dataset and then
predict whether the next sample is normal or diseased by
measuring Euclidean distances across samples.

Fig. 4: Process Diagram of NMAP

5

Service Oriented Architecture

A Service-Oriented Architecture [Fig. 5] approach
to system design is one where application design and
development are done with the goal of producing usable
services [11]. This approach allows for the integration of
applications as reusable system services. The services must
have platform independent specifications which abstract the
underlying complexity of the service, are loosely coupled,
and, perhaps most importantly, are reusable.

5.1 Service Roles in SOA
The SOAs and Web services solutions support two
key roles: a service requestor (client) and service provider,
which communicate via service requests. A role thus reflects
a type of a participant in an SOA. Service requests are
messages formatted according to the Simple Object Access
Protocol (SOAP).

144

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

pattern and adopt more robust message exchange patterns
triggered by multiple types of events. If a number of

Fig. 5: Service Oriented Architecture [13]
Service requests are messages formatted
according to the Simple Object Access Protocol (SOAP).
SOAP entails a light-weighted protocol allowing RPC-like
calls over the Internet using a variety of transport protocols
including HTTP, HTTP/S and SMTP. In principle, SOAP
messages may be conveyed using any protocol as long as a
binding is defined. The SOAP request is received by a runtime service (a SOAP “listener”) that accepts the SOAP
message, extracts the XML message body, transforms the
XML message into a native protocol, and delegates the
request to the actual business process within an enterprise.

5.2

SOA Advantages

SOA is a rapidly increasing business venture for
a reason. The first advantage is that an “operational process
orchestrates simple services into complex services”, that is
to say that SOA allows the collection of individual services
to cooperate to complete a complex process. The next
advantage is that the services allow for communications to
exist between “different computers, from different vendors,
and different programs, from different functional areas”.
Furthermore, as mentioned earlier in this paper, SOA allows
for the “globalization and the integration of geographically
dispersed organizations through service orchestration of
distributed services owned and executed across ownership
boundaries.”[12]. While there is a misconception that
applications can be developed quickly, it should certainly be
seen as an advantage to reuse the services. This reuse does
increase product development because developers don’t
have to spend an inordinate amount of time writing new
lines of code to connect applications. Instead, they can use
standard protocols, such as Web services. And, this leads to
reduced development costs.

5.3

SOA in NMAP

SOA is an architectural paradigm used to build
infrastructure, enabling those with needs (consumers) and
those with capabilities (providers) to interact via services
across disparate domains of technology. The data changed
needs to be expanded beyond the simple request-response

processes use the same functionality, each encapsulating it
within an application, the common tasks are shared among
the processes. NMAP includes an automation engine at the
server end and the application is at the client end. No matter
where the server is based, the client can access it as long as
it has a valid IP Address and a port number. The server side
component of the architecture has a number of commonly
used components. The Service Provider Interface is the
main integration point whereby service providers connect to
capabilities that exist in the internal systems in order to
expose them as services [13]. These internal applications
typically reside in a resource tier, a virtual collection of
capabilities using numerous mechanisms, including using
other services. The Service Invocation Layer is where the
services would be invoked when external messages are
being received from multiple sets of standards and protocols
working together. AJAX (Asynchronous JavaScript and
XML) is an example of an external service interface
endpoint. The main controller of each client application
must be capable of launching various runtime environments
via launching one or more virtual machines that can
interpret scripting languages.

6 Google Web Toolkit
The Google Web Toolkit (GWT) Software
Development Kit contains the Java API libraries, compiler,
and development server. It is useful as it helps to write
client-side applications in Java and deploy them as
JavaScript [14] [15]. The plugin for eclipse IDE provided by
google is used. It handles most GWT related tasks in the
IDE, including creating projects, invoking the GWT
compiler, creating GWT launch configurations, validations,
syntax highlighting, etc.
In NMAP, GWT is used in building the user
interface. Widgets are rendered using dynamically- created
HTML rather than pixel-oriented graphics in Swing and
SWT and the Widget hierarchy is far less complex. The
GWT modules are stored on a web server as a set of
JavaScript and related files generated after compilation
along with other public resources like Cascaded Style Sheets
and images. The module should be loaded from a web page
to execute and render results.

7 Future Scope
Since Microarray Data Analysis is relatively a newer
and highly potential field for bringing out revolution in
various fields like medicine, diagnosis and biological
research, a lot of work is going on in terms of making the
study more accurate and efficient. This also requires
integration of knowledge of other subjects and technology.
For example, NMAP uses a novel approach of processing
microarray data using signal processing techniques. Till
now, no generalized and full proof approach has been
reported which has given 100% efficiency of the algorithm
on data.
This service oriented architecture has great scope
and use for biomedical research with a further scope of
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immediate applicability to clinical practice. Owing to the
vast amount of microarray data, it would be useful as a tool
for Data Mining Gene Expression Patterns. The application
is a Graphical User Interface which requires no knowledge
of programming by researchers. It can be further expanded
to include more functionality, but is nevertheless effective.
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Abstract— This paper presents a median based classifier
which predicts the conditional median of the class label
given the predictor vector. The class label is defined through
a hidden variable whose median is further modeled by an
additive model of the predictor vector. Motivated by the
gradient boosting algorithm [11], we propose to estimate
the conditional median of the hidden variable given the
predictor vector by an iterative algorithm. An equivalent
form of the definition of median is introduced, and its
smoothed version is employed as the objective function.
To fit the model for the conditional median, the proposed
objective function is maximized by gradient ascent in functional space, updating the fitted model a small step in the
gradient direction in each iteration. The resulting algorithm,
Median Boost, is a boosting like procedure which obtains the
informative variables and the classifier at the same time.
Median Boost was tested on 4 publicly available datasets
for cancer classification based on gene expression data, and
the results show that compared to the alternative methods,
Median Boost achieves better or similar performance in
terms of leave-one-out and 5 fold cross validation error
rates.
Keywords: median classifier, boosting, cancer classification, cross
validation.

1. Introduction
Since cancer develops a cell’s genetic structure due to
mutations to cells with uncontrolled growth patterns, extensive research has shown that we could identify cancer by
looking at the genetic level [2], [3], [13]. In a microarray
study we usually obtain the expression level of thousands of
genes, based on which the decision could be made regarding
whether or not this is a patient with cancer.
This paper focuses on the supervised setting, that is,
we are given a set of gene expression data along with
their labels, and the purpose is to find a decision rule to
make predictions on the future data. Different classification
methods from statistics and machine learning have been
applied to cancer classification, for example, artificial neural
network [18], Fisher’s discriminative analysis [9], [21], Support Vector Machines [4], [14], [21], maximum likelihood
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Shenzhen, Guangdong, 518060, China
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method [9], least square regression [22], Boosting [4], [7],
[9], [21], among others.
Although we can obtain the expression level of thousands
of genes, due to the high cost of experiments, we usually
have a limited number (50 – 100) of samples. As such, it
is desirable to automatically select and combine most informative genes in a single algorithm, and this was considered
in the existing algorithms, for example, in [7], [14], [24].
If the predictor vector has long tail distribution, or there
are outliers in the predictors, the median is usually more
stable than the mean value [15], [17], [19]. Since the gene
expression data are in very high dimensional space, it is
possible for the said case to happen. Hence it is worthwhile
trying to design classifiers based on median information.
In this paper, the class label is defined through a hidden
variable whose median is further modeled by an additive
model of the predictor vector. Motivated by the gradient
boosting algorithm [11], we propose to estimate the conditional median given the predictor vector by an iterative
procedure. An equivalent form of the definition of median
is introduced, whose smoothed version is employed as the
objective function. In functional space, gradient ascent is
performed to maximize the proposed objective function,
updating the fitted model (i.e., the estimated median of
hidden variable) a small step in the gradient direction in
each iteration. Finally, the class label is predicted using the
estimated conditional median of the hidden variable. The
resulting algorithm is a boosting like procedure, which is
called Median Boost. Similar to AdaBoost [10], Median
Boost obtains the informative variables and the classifier
simultaneously.
The proposed Median Boost was tested on 4 publicly
available datasets for cancer classification based on gene
expression data, and the results show that compared to the
alternative methods, Median Boost achieves better or similar
performance in terms of leave-one-out and 5 fold cross
validation error rates.
The rest of this paper is organized as follows: Section 2
reviews the interpretation of boosting algorithm as functional
gradient descent; Section 3 derives the proposed Median
Boost algorithm, and the connection to the existing methods
is also discussed; Section 4 presents the experimental results
on 4 datasets, and the comparison to the alternatives is
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also presented; finally, Section 5 summarizes this paper and
discusses the future work.

2. Boosting as Functional Gradient Descent
Boosting [10] is a classic algorithm in pattern classification and is well known for its simplicity and good
performance. The powerful feature selection mechanism of
boosting makes it suitable to work in very high dimensional
spaces. Friedman et al. [11], [12] developed a general
statistical framework which yields a direct interpretation of
boosting as a method for function estimation, which is a
“stagewise, additive model”.
Consider the problem of function estimation
f ∗ (x) = arg min E[l(Y, f (x))|x],
f
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3. Median Classifier and Median Boost
This section derives the proposed Median Boost algorithm, and discusses the connection to the existing methods.

3.1 Predicting Median of Binary Variable
Consider the following model:
Y ∗ = h(x) + ε

where Y ∗ is a continuous latent variable, h(·) is the true
model for Y ∗ , ε is a disturb, and Y ∈ {0, 1} is the observed
label given the predictor x ∈ Rd , I(·) is the indicator
function with I(·) = 1 if the condition is true, otherwise
I(·) = 0.
Let M (Y ∗ |x) be the conditional median of Y ∗ given x,
and let g(·) be a real nondecreasing function. Clearly, for
any value of y
P (Y ∗ ≥ y|x) = P (g(Y ∗ ) ≥ g(y)|x) ,

where l(·, ·) is a loss function which is typically differentiable and convex with respect to the second argument. Estimating f ∗ (·) from the given data {(xi , Yi ), i =
1, · · · , n}Pcan be performed by minimizing the empirical
n
risk n−1 i=1 l(Yi , f (xi )) and pursuing iterative steepest
descent in functional space. This leads us to the generic
functional gradient descent algorithm [5], [11] as shown in
Algorithm 1.
Algorithm 1 Generic Functional Gradient Descent Algorithm
0: Initialize f [0] (·) with

then it follows that
g (M (Y ∗ |x)) = M (g(Y ∗ )|x).

2:

or set f [0] (·) = 0, and set m = 0.
Increase m by 1. Compute the negative gradient
∂
− ∂f
l(Y, f ) and evaluate at f [m−1] (xi ):
¯
∂l(Yi , f ) ¯¯
Gi = −
, i = 1, · · · , n.
∂f ¯f =f [m−1] (xi )
Fit the negative gradient G1 , · · · , Gn to x1 , · · · , xn by
the base procedure (e.g. the weak learner in AdaBoost):
{(xi , Gi ), i = 1, · · · , n} −→ g

3:
4:

[m]

(·).

Update the estimation by f [m] (·) = f [m−1] (·)+νg [m] (·),
where ν is a step-length factor.
Check the stopping criterion, if not satisfied, go to step
1.

Many boosting algorithms can be understood as functional
gradient descent with appropriate loss function. For example,
if we choose l(Y, f ) = exp(−(2Y −1)f ), we would recover
the AdaBoost algorithm [12]; if we choose l(Y, f ) = (Y −
f )2 /2, we would result in L2 -Boost [6].

(1)

Since the indicator function I(· ≥ 0) is nondecreasing, by
Eqn. (1), we have
I (M (Y ∗ |x) ≥ 0) = M (I(Y ∗ ≥ 0)|x) = M (Y |x).

(2)

Therefore, the conditional median of Y could be obtained
by fitting the conditional median of Y ∗ . If we model the
median of the latent variable Y ∗ by a function f (x, β) with
β as the parameter vector, i.e.
M (Y ∗ |x) = f (x, β),

n

1X
l(Yi , c),
f [0] (·) = arg min
c n
i=1
1:

and Y = I(Y ∗ ≥ 0),

then, it follows from Eqn. (2) that the conditional median of
the binary variable Y can be modeled as
M (Y |x) = I (f (x, β) ≥ 0) .

(3)

Recall that, if Z is a random variable, then the median
of Z can be defined through the following minimization
problem (refer to [17] for a proof):
median(Z) = arg min E(|Z − c|).
c

As such, given the training data {(xi , Yi ), i = 1, · · · , n}, to
fit the model of the conditional median, i.e., to estimate the
parameter vector β in Eqn. (3), we can solve the following
minimization problem and let b be the estimated value:
(
)
n
X
b = arg min L(β) =
|Yi − I(f (xi , β) ≥ 0)| , (4)
β

i=1

which is equivalent to the following maximization problem
[see the appendix for the proof]:
(
)
n
X
b = arg max S(β) =
[Yi − 0.5]I(f (xi , β) ≥ 0) .
β

i=1

(5)
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3.2 Median Classifier

3.3 Median Boost: Boosting based Median
Classifier

∗

From the relation Y = I(Y ≥ 0), it follows that
P (Y = 1|x) = P (I(Y ∗ ≥ 0)|x) = P (Y ∗ ≥ 0|x) .

(6)

Since f (x, β) is the median of the latent variable Y ∗ , we
have
P (Y ∗ ≥ f (x, β)|x) = 0.5.

(7)

Thus, if f (x, β) = 0, combining Eqn. (6) and (7) yields
P (Y = 1|x) = P (Y ∗ ≥ 0|x) = P (Y ∗ ≥ f (x, β)|x) = 0.5;
if f (x, β) > 0,
P (Y = 1|x) = P (Y ∗ ≥ 0|x) > P (Y ∗ ≥ f (x, β)|x) = 0.5.
In summary, we have the following relation:
¯
³
´
¯
P Y = 1 ¯f (x, β) T 0 T 0.5.

(8)

Eqn. (8) gives an inequality about the posterior probability
given the predictor vector. Consequently, once the model is
fitted, i.e. the parameter vector b is obtained, we can make
prediction by
Ŷ = I(f (x, b) ≥ 0),

(9)

where Ŷ is the predicted label for the input vector x. We
call Eqn. (9) as a median classifier because it makes decision
based on the conditional median.
Median classifier is learned by solving the maximization
problem in Eqn. (5), which has a close relation with the
training error rate of the median classifier. Let each term in
Eqn. (5) be
Si = [Yi − 0.5]I(f (xi , β) ≥ 0)
= 0.5I(Yi = 1)I(f (xi , β) ≥ 0)
− 0.5I(Yi = 0)I(f (xi , β) ≥ 0).
n
X
i=1

Si = 0.5

n
X

(10)

I(Yi = 1)I(f (xi , β) ≥ 0)

− 0.5

K(t) > 0, ∀t ∈ R,

lim K(t) = 1,

t→∞

We propose to maximize the objective function (12) by
gradient ascent in the framework of functional gradient
method [11]. The fitted function is updated in the gradient
direction in each iteration, instead of in the negative gradient
direction as in [11]. Let f [m] (·) be the fitted function at the
m-th iteration, similar to the gradient boosting algorithm
(Algorithm 1), we obtain the Median Boost algorithm, which
is shown as Algorithm 2, where

Similar to [11], we let the base procedure be h(x, a),
where a is a parameter vector. Then the third step can be
performed by an ordinary least square regression:
a

I(Yi = 0)I(f (xi , β) ≥ 0)

i=1

= 0.5T P − 0.5F P
= 0.5T P − 0.5(N eg − T N )
= 0.5T P + 0.5T N − 0.5N eg

lim K(t) = 0.

t→−∞

In this paper, we take K(·) as the standard normal cumulative distribution function
Z z
z2
1
Φ(z) =
ϕ(t)dt with ϕ(z) = √ e− 2 . (13)
2π
−∞

am = arg min

i=1
n
X

where h is a small positive number, and K(·) is smoothed
version of the indicator function with the following properties:

l(Y, f ) = [Y − 0.5]K (f /h) .

Thus, Eqn. (5) reads
S(β) =

In this paper, median classifier is learned by maximizing
function S(β) defined in Eqn. (5). However, S(β) is not
differentiable because the indicator function is not differentiable. To apply gradient based optimization methods,
we replace the indicator function I(f (x, β) ≥ 0) by its
smoothed version, instead we solve
(
¶)
µ
n
X
f (xi , β)
,
b = arg max S(β, h) =
[Yi − 0.5]K
β
h
i=1
(12)

(11)

where T P , F P , and T N are the true positive number,
false positive number, true negative number of the classifier
I(f (x, β) ≥ 0), and N eg is the number of negative
examples. Eqn. (11) indicates that maximizing Eqn. (5)
is equivalent to maximizing the sum of T P and T N ,
i.e. the number of correctly classified samples. Therefore,
maximizing Eqn. (5) implicitly minimizes the training error,
and this argument justifies our choice of objective function.

n
X

2

[Gi − h(xi , a)] ,

i=1

hence the function g [m] (x) = h(x, am ) can be regarded as
an approximation of the gradient in the functional space. In
step 4, the step-length factor ν can be determined by line
search
n
h
i
X
ν = arg max
l Yi , f [m−1] (xi ) + γg [m] (xi ) .
γ

i=1

However, the line search algorithm is time consuming,
instead, in each iteration, we update the fitted function
f [m−1] (·) by a fixed step. To guarantee the performance of
the resulting model, ν is fixed at a small value as suggested
by [5], [11]. Step 4 performs gradient ascent in the functional
space.
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4. Experiments

Algorithm 2 Median Boost Algorithm
0:
1:
2:

3:

d

Given data {(xi , Yi ), i = 1, · · · , n} with xi ∈ R and
Yi ∈ {0, 1}; initialize f [0] (x) = 0.
for m = 1 to M do
∂
Compute the gradient ∂f
l(Yi , f ) and evaluate at
[m−1]
f
(xi ):
¯
∂l(Yi , f ) ¯¯
Gi =
∂f ¯f =f [m−1] (xi )
µ
¶
Yi − 0.5 0 f [m−1] (xi )
=
K
, i = 1, · · · , n.
h
h
Fit the gradient G1 , · · · , Gn to x1 , · · · , xn by the
base procedure:
{(xi , Gi ), i = 1, · · · , n} −→ g [m] (·).

4:
5:
6:
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Update the estimation by f [m] (·) = f [m−1] (·) +
νg [m] (·), where ν is a step-length factor.
end for
Output the classifier I(f [M ] (x) ≥ 0).

3.4 Related Works
The median based classifier has close connection to binary
quantile regression [19], [20], which optimizes an objective
function similar to Eqn. (5). However, in binary quantile
regression, simulated annealing algorithm is employed to
perform the optimization. Although a local optimum is guaranteed, simulated annealing is well known for its expensive
computation and it is usually difficult to tell when the algorithm converges. While Median Boost is based on gradient
ascent, which yields a local maximum and converges fast.
Also due to the expensive computation of simulated
annealing, binary quantile regression [19], [20] can only
work in very low dimensional spaces. However, in applications, we frequently face hundreds of, even thousands of
predictors, and it is often desired to find out the informative
predictors. Clearly, in this case, binary quantile regression is
not applicable. On the contrary, Median Boost is designed
to work in high dimensional spaces, and by using certain
types of base learner (e.g. decision stump [7]), it enables us
to select the most informative variables.
Hall et al. [15] proposed a median based classifier which
works in high dimensional space. For a given predictor
vector, Hall et al. calculates the L1 distances from the
new predictor vector to the component-wise medians of
the positive examples and negative examples in the training
set, and assigns class label as the class with the smaller
L1 distance. Although computationally efficient, this simple
nearest neighbor like algorithm cannot perform variable
selection as the proposed Median Boost.

We test Median Boost on 4 publicly available datasets:
Estrogen, Nodal, Colon, and Prostate.

4.1 The Datasets
Estrogen and Nodal
These two datasets were first presented in [25], and
they are available at http://data.cgt.duke.edu/west.php. The
datasets contain 7,129 gene expression values obtained by
applying the Affymetrix gene chip technique to 49 breast
tumor samples. We thresholded the raw data with a floor of
100 and a ceiling of 16,000 and then applied a logarithm
transformation. Finally, each tissue sample was standardized
to have zero mean and unit variance across the genes. Two
response variables are available which enable us to define
two classification problems using this dataset. The first response variable describes the status of the estrogen receptor
(ER), and 25 samples are ER+, whereas the remaining 24
samples are ER−; the second one describes the lymph nodal
(LN) status, which is an indicator for the metastatic spread
of the tumor. Again, 25 samples are positive (LN+) and 24
samples are negative (LN−).
Colon
The Colon dataset contains expression levels of 6,500
genes for 40 tumors and 22 normal colon tissues. A subset
of 2,000 genes with highest minimal intensity across the
samples has been selected in [3], and the selected subset can
be downloaded from http://microarray.princeton.edu/oncolog
y/affydata/index.html. We further process the data as in [7]:
applying a logarithm transformation and standardizing each
tissue sample to have zero mean and unit variance across
the genes.
Prostate
The Prostate dataset [23] contains in total 102 samples in
two classes, i.e. tumor and normal, which have 52 and 50
samples, respectively. The original dataset contains 12,600
genes. In our experiment, intensities were thresholded at
100 and 16,000 units. Then we filtered out the genes with
max / min ≤ 5 or max − min ≤ 50. After preprocessing,
we obtained a dataset with 102 samples and 5,966 genes.

4.2 Performance Evaluation
For the comparative purpose, we mainly considered several popular boosting based classifiers since the proposed
Median Boost is a boosting-like procedure. The considered
classifiers include AdaBoost [10], LogitBoost [12], and L2 Boost [6]. All the algorithms used decision stump [7] as
base learner. In all the experiments, the step size parameter
of Median Boost is set to be ν = 0.1. The standard normal
cumulative distribution function Eqn. (13) was used as
approximation to the indicator function with h = 0.1. From
our experience, Median Boost is not sensitive to the value of
h as long as h < 0.5. We also tested the Median Classifier
[15] and compared the performance. The comparison to
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Dataset
Estrogen
Colon
Nodal
Prostate

Size
49
62
49
102

Npos
25
40
25
52

Nneg
24
22
24
50

L2 -Boost
4 (8.16%)
10 (16.13%)
11 (22.45%)
7 (6.86%)

AdaBoost
5 (10.20%)
11 (17.74%)
12 (24.49%)
7 (6.86%)

LogitBoost
6 (12.24%)
10 (16.13%)
9 (18.37%)
5 (4.90%)

Median Boost
4 (8.16%)
9 (14.52%)
8 (16.33%)
9 (8.82%)

Median Classifier [15]
6 (12.24%)
9 (14.52%)
18 (36.73%)
40 (39.22%)

Table 1: The leave-one-out error numbers and rates of the considered algorithms on the datasets. All the algorithms were
ran for 100 iterations so that the training errors were achieved 0. For each algorithm, the numbers of classification errors
are provided and the error rates are listed in parentheses. The size of each dataset, the numbers of positive and negative
examples are also given. The best performances are displayed in bold.
Dataset
Estrogen
Colon
Nodal
Prostate

L2 -Boost
mean
std
21.11% 10.91%
24.62% 5.95%
31.78% 17.67%
12.86% 4.40%

AdaBoost
mean
std
17.11% 10.50%
21.41% 7.68%
24.89% 8.52%
9.95%
6.17%

LogitBoost
mean
std
15.11% 12.87%
21.41% 7.68%
20.44% 13.67%
9.95%
6.17%

Median
mean
13.33%
21.67%
20.00%
9.00%

Boost
std
9.30%
9.50%
9.30%
4.18%

Median Classifier [15]
mean
std
13.38%
11.04%
14.58%
9.20%
42.84%
15.73%
38.09%
12.35%

Table 2: The 5-fold cross validation mean error rates and the standard deviations of the considered algorithms on the datasets.
All the algorithms were ran for 100 iterations. The best mean error rates for a dataset are displayed in bold.

binary quantile regression [19], [20] is not provided due to
the expensive simulated annealing algorithm it employs.
Since all the datasets have small size N , the leaveone-out (LOO) cross validation is carried out to estimate
the classification accuracy. That is, we put aside the i-th
observation and train the classifier on the remaining (N − 1)
data points. We then apply the learned classifier to get Ŷi , the
predicted class label of the i-th observation. This procedure
is repeated for all the N observations in the dataset, so that
each one is held out and predicted exactly once. The LOO
error number and rate are determined by
NLOO =

N
X
i=1

I(Ŷi 6= Yi ) and ELOO =

N
1 X
I(Ŷi 6= Yi ).
N i=1

Tables 1 shows the LOO classification error numbers and
rates of the considered classifiers on the 4 datasets, and the
best performance is marked in bold. From Table 1, it is
readily observed that on 3 out of 4 datasets, Median Boost
has the best performance. It can also be observed that the
Median Classifier of [15] is not stable — sometimes the
performance is very good, sometimes the performance is
very bad.
In LOO cross validation, the training and testing sets are
highly unbalanced, which will affect the evaluation result.
To provide more thorough results, we have also conducted
5-fold cross validation (5-CV), in which each dataset was
randomly partitioned into 5 parts of roughly equal size. In
every experiment, one part was used as the testing set, and
the other four parts were used as the training set. Table 2
lists the mean error rate and the standard deviation of the
error rates for the 5 runs of each algorithm on every dataset,

and the best performance on each dataset is displayed in
bold. From Table 2, we observe that Median Boost yields
the best performance on 3 out of the 4 datasets.
In summary, the experimental results (leave-one-out and
5 cross validation) on the 4 public datasets show that the
proposed Median Boost has similar or better performance
than the alternatives.

5. Conclusion and Future Works
This paper proposes designing classifiers based on estimating median of binary response. Inspired by the idea of
gradient boosting [11], we designed a practical algorithm
which works in the framework of additive model, and
updates the fitted model in the direction of gradient by a
small step in each iteration. The proposed approach proceeds
in an iterative fashion, resulting Median Boost, a boostinglike algorithm, which obtains informative variables and the
classifier simultaneously. The proposed Median Boost was
tested on 4 publicly available datasets for cancer classification based on gene expression data. The leave-one-out result
and 5 fold cross validation testing errors show that Median
Boost performs better than or similar to the alternatives in
literature.
In this paper, the parameters in Median Boost (i.e. ν, h,
the iteration numbers) were set by hand. In the next step of
this work we plan to estimate the parameters by some model
selection criteria, such as AIC [1], gMDL [16].
As stated, Median Boost selects the informative genes in
the model fitting procedure. Therefore, it is desired to study
the genes selected by Median Boost, and compare the results
to the genes selected by SVM [14], [24], AdaBoost [4],
and other methods in [21], [26]. In applications, we often

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

face the multi-class situation, and this happens in classifying
multiple types of cancer with gene expression data [7], [27].
Therefore, we also plan to develop the multi-class version
of Median Boost. Many existing techniques can transform
multi-class task into a series of two-class tasks, for example,
one-vs-all [10], Error-Correcting Output Codes [8]. Finally, a
more thorough comparison with other classification methods
[4], [9], [21] on more datasets is desired.

Appendix: Proof of the Equivalence between Eqn. (4) and Eqn. (5)
In Eqn. (4), let

½

Li = |Yi −I(f (xi , β) ≥ 0)| =

|Yi − 1|,
Yi ,

if f (xi , β) ≥ 0
.
if f (xi , β) < 0

Thus,
Li = I(f (xi , β) ≥ 0)I(Yi = 0) + I(f (xi , β) < 0)I(Yi = 1)
= I(f (xi , β) ≥ 0)I(Yi = 0)
+ [1 − I(f (xi , β) ≥ 0)]I(Yi = 1)
= −I(f (xi , β) ≥ 0)I(Yi = 1) + I(f (xi , β) ≥ 0)I(Yi = 0)
+ I(Yi = 1)
= −2Si + I(Yi = 1),
where Si is defined in Eqn. (10). Therefore, Eqn. (4) reads,
L(β) =

n
X

Li =

i=1

n
X

[−2Si + I(Yi = 1)]

i=1
n
X

= −2S(β) +

I(Yi = 1)

i=1

= −2S(β) + P os,

(14)

where P os is the number of positive examples, which is a
constant. Eqn. (14) shows the equivalence between Eqn. (4)
and Eqn. (5).
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Gene expression analysis of genes involved in bypassing
cellular senescence in prostate cancer
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Abstract – Senescent cells display gene expression patterns
that reflect their non-proliferative, differentiated phenotype.
Emerging data implicates, senescence bypass in the
development of cancer and suggests that senescence
represents a tumor suppressor mechanism. Expression
profiles of genes involved in bypassing cellular senescence in
prostate cancer were analyzed by using DNA Microarray
technology. The cluster analysis of the functionally important
genes was performed using Hierarchical and K-Means
Clustering algorithms and comparative analysis was done to
identify the co-expressed and co-regulated genes: p53, MEK,
p21, ras homolog. These genes work in a cascade of networks
and hence a functional analysis of these can provide
information on either the potential function of unknown genes
or on regulatory networks. Thus, we identified the vital genes
that are mainly involved in bypassing cellular senescence in
prostate epithelial cells. These genes are inactivated during
immortalization and hence they may be implicated in novel
pathways that regulate senescence
Keywords: co-expressed, co-regulated, promoter, cellular
senescence.

1

Introduction

Cellular senescence has become an increasingly
important target in the development of novel therapeutics.
Emerging data implicates senescence bypass in the
development of cancer and suggests that senescence
represents a tumor suppressor mechanism. By using negative
cell-cycle regulators, anti-telomerase peptides, or drug
treatment tumour cells undergo replicative senescence and
hence can be exploited as a basis for cancer therapy.
Gene expression is a highly complex and regulated
process that allows a cell to respond dynamically both to
environmental stimuli and to its own changing needs.
Microarray technology has recently accelerated the study of
the molecular events involved in prostate cancer offering the
prospect of more precise prognosis and new therapeutic
strategies.
By performing microarray analysis we identified certain
important co-expressed and co-regulated genes which are as:
p53, MEK, p21, ras homolog. Analyzing the expression
profile of these gene by microarray technology helps us to

understand the functional role of prostate genes, the cellular
processes in which they are involved and the interaction
between these genes and their products.

2
2.1

Methods
Source of Experimental Data

The raw data for analyzing gene expression in Homo
sapiens was retrieved from Stanford Microarray Database.
SMD is a research tool and archive that allows hundreds of
researchers worldwide to store, annotate, analyze and share
data generated by microarray technology which includes over
3500 two-colour, spotted DNA microarrays. [2]
SMD is associated with numerous clustering and
analysis features. Users can access the data in SMD from the
web interface of the analytical package. [4] The data was
taken from the publication for Homo sapiens published by
Schwarze SR, et al. (2002) and J Biol Chem 277(17): 1487783. The transcription level of genes studied under various
conditions at different development stages and different
tissues were measured and their gene expression profiles were
built. These profiles characterize the dynamic functioning of
each gene in the genome. Our data was present in a matrix
where rows represented all genes for which data had been
collected, columns represented individual array experiments
(e.g., single time points or conditions). Each cell contained a
number characterizing the expression level of a particular
sample. This number consisted of the intensity of the
fluorescence of the spots on the array for the fluorescent dyes
used (Cy3 and Cy5). Data from nine different experiments
were analyzed. The expression ratio [log (base2) of R/G
normalized ratio (mean)] of the genes at various levels from
the nine different experiments were extracted and merged into
a spreadsheet. [8] The redundancy removal of missing values
in the data was carried out to gain the best possible
representation of the data for further statistical analysishe
maximum allowed number of pages is seven for Regular
Research Papers (RRP) and Regular Research Reports (RRR);
four for Short Research Papers (SRP); and two for Posters
(PST).
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2.2

Cluster analysis

Cluster analysis of fluorescence ratios from multiple
experiments can be used to identify co-expressed genes,
retrieve meaningful patterns of gene expression and point out
similarities and/or differences between analyzed conditions.
Genesis software was used to enable thorough cluster analysis
and data mining. The common clustering algorithms used
were: hierarchical and k-means clustering. Hierarchical
clustering works by iteratively joining the two closest clusters
starting from singleton clusters or iteratively partitioning
clusters starting with the complete set. We used
Agglomerative algorithms which begin with each element as a
separate cluster and merge them into successively larger
clusters. The mean distance between elements of each cluster
called average linkage clustering was employed. The objective
of this approach is to compute a dendrogram that assembles all
elements into a single tree.
The K-means clustering algorithm typically uses the
Euclidean properties of the vector space. The desired number
of clusters K has to be chosen. After the initial partitioning of
the vector space into K parts, the algorithm calculates the
centre points in each subspace and adjusts the partition so that
each vector is assigned to the cluster the centre of which is the
closest. This is repeated iteratively until either the partitioning
stabilizes or the given number of iterations is exceeded. The
approaches for the initial selection of the first set of K cluster
centres can vary. [10]

3
3.1

We began with hierarchical clustering to get the first
impression on the number of patterns hidden in the data set
and then used this information to set the number of clusters
required for K-means. Hierarchical tree clustering of the
45,118 genes was carried out using the log of the average of
the relative expression ratio for each gene as measured in
replicate arrays. [Figure 1] The most appropriate set of data
was selected for further analysis.

Results
Clustering Results

On clustering the genes by HCL AND K-Means using
genesis software, common genes occurred between the
following clusters: HCL cluster 9 and K-Means cluster 6
which consisted of 1959 genes and K-means cluster 6
consisted of 8331 genes respectively. (Centroid views [Figure
2(a) & 2(b)] and Expression views [Figure 3(a) & 3(b)]).
We assume that similar genes form representative groups
according to their expression profiles. Thus most of the genes
are common in these clusters. The common genes between
these clusters included:
● p53 - Mdm2, transformed 3T3 cell double minute 2, p53
binding protein (mouse) [R80235] and ribonucleotide
reductase M2 B (TP53 inducible) [AA425014].
● MEK - mitogen-activated protein kinase kinase 5
[W69648].
● p21 - nucleoporin 214kD (CAIN) [H50679] and p21
(CDKN1A)-activated kinase 2 [H505826].
● ras homolog - ras homolog gene family, member B [88963]
and Rho-related BTB domain containing 3 [N52517].

4

Figure1 shows the clustering of genes after performing
HCL clustering.
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Discussion

Our main aim was to analyze the expression of the genes
involved in bypassing cell senescence in prostate cancer
epithelial cells. We hypothesized that the genes which are upregulated during senescence and down-regulated during
immortalization could be targeted during prostate cancer
progression. HCL and K-means clustering was performed to
identify the common genes. Grouping genes with similar
expression levels can reveal the function of those which were
previously uncharacterized. Genes are working in a cascade of
networks and hence can be co-expressed because they are
functionally related or because they are co-regulated, and
therefore a functional analysis of co-expressed or co-regulated
genes can provide information on either the potential function
of unknown genes or on regulatory networks. Recent studies
have shown that DOC1, p53, ras homolog are involved in the
progression of other types of tumor. Analyzing the microarray
data in a pathway perspective could lead to a higher level of
understanding of the system. [8]
Knowledge of promoters is useful in elucidating regulation
and expression mechanism of genes and shed light on the
function of novel and uncharacterized genes. Hence
identification of promoter region can be accomplished using
various promoter identification servers. Further analysis can
be done to track the evolutionary relationship between the
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Centroid views

Figure 2(b):
consisted of
of
Figure
2(b): HCL
HCL cluster
cluster 99consisted
1959
genes.
1959 genes.

Figure
consisted of
Figure 2(a):
2(a): HCL
HCL cluster
cluster 99consisted
of
1959
genes.
1959 genes.

Figure 3(b): K-means cluster 6 consisted
of 8331 genes.

Figure 3(a): K-means cluster 6 consisted of
8331 genes.
genes by using phylogenetic software like PHYLIP and
PAUP. We can also derive further knowledge about the
involvement of the genes in various novel pathways through
various approaches.

5

Conclusion

Our work summarizes the knowledge of main genes
involved in bypassing cellular senescence in prostate epithelial
cells. Alterations in expression or function of these genes
involved in key aspects of carcinogenesis, including cell cycle
regulation, steroid hormone metabolism and regulation of
gene expression, are associated with disease progression. Thus
analyzing the microarray data in a pathway perspective could
lead to a higher level of understanding of the system.

6
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Abstract
In this work we propose a method for protein
classification based on a texture descriptor, called local
phase quantization that utilizes phase information computed
from the image extracted from the 3-D tertiary structure of a
given protein. To build this texture, the Euclidean distance
is calculated between all the atoms that belong to the
protein backbone. Moreover, we study classification fusion
with a state-of-the-art method for describing the proteins:
the Chou’s pseudo amino acid descriptor. Our experiments
show that the fusion between the two approaches improves
the performance of Chou’s pseudo amino acid descriptor.
We use support vector machines as our base classifier. The
effectiveness of our approach is demonstrated using four
benchmark datasets (protein fold recognition, DNA-binding
proteins recognition, biological processes and molecular
functions recognition/enzyme classification).
Keywords: protein classification; texture descriptors;
primary structure; local phase quantization; support vector
machines.
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atom distribution [15], a second on its topological structure
[16], and a third on its geometrical shape [17].
Generally, the indirect representation is lower in
computational cost but provides a higher dimensional
feature set, whereas the direct representation is higher in
computational cost but provides a lower dimensional feature
set. While the lower computational cost involved in the
indirect approach is desirable, the higher dimensional
representation requires the application of the most advanced
techniques in pattern recognition, see, e.g., [3, 18-20].
In this paper we apply a new pattern recognition
techniques that combines an indirect (Chou’s amino acid)
descriptor with a direct representation (namely, protein
spatial structure features extracted from the distance matrix).
The experimental results show that combining direct and
indirect descriptors using an ensemble of classifiers
outperforms previous standalone approaches.
The remainder of this paper is organized as follows.
In section 2, we introduce our feature extraction methods
and ensemble approach. In section 3, we report experimental
results obtained on four benchmark databases. Finally, in
section 4, we summarize results and draw a few conclusions.

Introduction

Finding effective feature extraction methods is still
one of most important ongoing issues in protein
classification[4]. There are two general views on how
extraction should be accomplished: the indirect and direct
methods. Indirect representation of protein spatial structure,
is based on the widely held assumption that structural
features are closely related to sequence composition [7, 8].
Thus this method extracts features from a sequence. Perhaps
the most famous indirect representation is pseudo amino
acid (PseAA) composition [10], with its many variants, see,
for instance, [11-14]. In the direct approach feature
extraction is accomplished via an analysis of the protein's
spatial structure. The direct method of representation can be
grouped into three general types: one based on the spatial

2 Proposed approach
In [9] the authors show that Haralick features and the
Radon transform produce a good texture descriptor for the
distance matrix of the protein backbone. The main aim of
this work is to propose a single set of texture features that
works well in this problem. The protein descriptor used in
our experiments is Chou’s well-known pseudo amino acid
descriptor [11]. The architecture of our best performing
system is presented in figure 2. A general description of
each step in our approach is provided below.
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Figure 1. Proposed system for protein classification.

Figure 2. Examples of different classes of the BINDING dataset.

2.1 Data extraction
In step 1, we extract features from the distance matrix of the
protein backbone. Diverse protein molecules differ in the
number, type, physicochemical properties of amino acid
residues, and their distribution along the polypeptide chain.
These distinctions produce the diversity of protein spatial
structures. Unfortunately, how these distinctions work
together is not fully understood. This fact brings out the
difficulty of describing, analyzing, and characterizing protein
conformation.
Instead of considering all atoms, many researchers use
the protein backbone to characterize the whole protein
structure. Protein backbone is composed sequentially only by
Cα atoms and reflects the topology and the folding of protein
[21]. An effective representation of the backbone is the
distance matrix (DM) which contains sufficient information

of the proteins structure because the original 3D backbone
structure can be reconstructed from DM using distance
geometry methods [22].
Given a protein Pi, its backbone can be described as a

Bi = {Coorαi ,1 , Coorαi ,2 ," , Coorαi , N } ,

vector
i

Coorα , n is coordinates vector of the n

DM

{

is

defined

th

Cα atom. Then its
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}

DM = dmi ( p, q ) = dist ( Coorα , p , Coorα , q ) where
i

where

i

matrix

dist ( ⋅ ) is simply the Euclidean distance between the two set
of coordinates (considered as a vector) and 1 ≤ p, q ≤ N . 1
Since DM maintains sufficient 3-D structural
information, similar protein backbones are expected to have
such distance matrices with similar properties. In our model,
DM is regarded as a grayscale image from which the
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The matlab code for extracting the distance matrix is
available at http://bias.csr.unibo.it/nanni/DM.zip
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extracted features are invariant to rotation and translation.
We show an example of DM of two proteins in Figure 2.
2.2 Feature extraction
In step 2 we extract features using local phase
quantization and Chou's pseudo amino acid composition
(PseAA). Local phase quantization is applied to the DM.
Chou's pseudo amino acid composition (PseAA) is created
from the AAindex [23] as described below.
Local phase quantization
The Local Phase Quantization (LPQ) operator was
originally proposed by Ojansivu and Heikkila as a texture
descriptor [24]. LPQ is based on the blur invariance
property of the Fourier phase spectrum. It uses the local
phase information extracted using the 2-D short-term
Fourier transform (STFT) computed over a rectangular
neighborhood at each pixel position of the image. In LPQ
only four complex coefficients are considered,
corresponding to 2-D frequencies. For more mathematical
details, refer to [24]. In our experiments, we use the original
code shared by the inventors of LPQ. We use the images
resized to 100×100 before the feature extraction step.
Chou's pseudo amino acid composition (PseAA)
In [25] a sequence-based algorithm is presented that
combines the augmented Chou's pseudo amino acid
composition based on auto covariance. A set of pseudo
amino acid based features are extracted from a given protein
as the concatenation of the 20 standard amino acid
composition values and m (where m=20) values that reflect
the effect of the sequence order: m is a parameter denoting
the maximum distance between two considered amino acids
i, j:

where A(k) denotes the index of the amino acid in the
kth position of the protein, Len is the length of the protein, d
denotes the selected physicochemical property, and the
function index(i,d) returns the value of the property d for the
amino acid i.
Md and Vd are normalization factors denoting the
average and the variance of the physicochemical property d
on the 20 amino acids:

In our experiments, we create 50 different Chou's
pseudo amino acid feature vectors using 50 different
psychochemical properties extracted from the AAindex [23].
A different support vector machine is trained for each
Chou's pseudo amino acid feature vector. The 50 classifiers
are then combined using the sum rule.
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2.3 Classification
The classifier we use in our experiments is the wellknown support vector machine (SVM) [26]. SVM finds the
hyperplane that separates the training patterns of two classes
by maximizing the distance between the hyperplane and the
two classes. Where it is not possible to find a linear decision
boundary, a kernel function can be used that projects the
data onto a higher-dimensional feature space. Commonly
used kernels include polynomial kernels and radial basis
function kernels. All features used for training SVM are
linearly normalized to [0 1]. In our work we use the OSU
matlab toolbox (http://sourceforge.net/projects/svm/).

3 Datasets
All experiments are performed using the following
datasets: Protein fold recognition (FOLD), DNA-binding
proteins (DNA), GO dataset (GO), and Enzyme (ENZ).
Below we briefly describe the main characteristics of each
and the evaluation protocol we use in the classification stage
of our experiments.
Protein fold recognition (FOLD)
The FOLD database used in our experiments is
derived from the work of [1]. The trainin set contains 313
proteins and testing set contains 385. The sequence
similarities are less 35% and 40%, respectively, and the
class numbers are both 27. The training set is used to build
the classifier models, and we independently use the testing
set to evaluate performance. This testing protocol is widely
used in the literature for this dataset. The entire database can
be downloaded from http://ranger.uta.edu/~chqding/protein/.
DNA-binding proteins (DNA)
The DNA dataset is reported in [27] and contains 118
DNA-binding Proteins and 231 Non-DNA-binding proteins.
These proteins have less than 35% sequence identity
between each pair. DNA-binding proteins are proteins that
are composed of DNA-binding domains and thus have a
specific or general affinity for either single or double
stranded DNA. Sequence-specific DNA-binding proteins
generally interact with the major groove of B-DNA. For this
database we use the ten-fold cross validation protocol.
GO dataset (GO)
This dataset was reported in [28]. It was created by
collecting proteins according to GO annotations,
distinguishing between the biological processes “immune
response” (33 proteins), “DNA repair” (43 proteins), and
between the molecular functions “substrate specific
transporter activity” (39 proteins) and “signal transducer
activity” (53 proteins). The presence of highly similar
proteins in the same class was avoided by removing
sequences having more than 30% identity. We randomly
extract 20% of the proteins for building the testing set, and
this procedure is repeated 50 times. The results are then
averaged.
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Enzyme (ENZ)
This dataset was reported in [28]. The PDB archive
was used to retrieve this dataset. It includes proteins
annotated as enzymes: 381 hydrolases and 713 different
enzymes. For this database we use the ten-fold cross
validation protocol.

4 Experimental results
In our experiments, performance is evaluated using the area
under the Receiver Operating Characteristic (ROC) curve.
The area under the ROC curve (AUC 2 ) [29] is a scalar
measure for evaluating performance. AUC can be
characterized as the probability that the classifier will assign
a higher score to a randomly picked positive sample as
compared to a randomly picked negative sample. Because
the GO dataset is a four class problem, the AUC is
calculated using the one versus all approach, i.e., a given
class is considered as “positive” and all the other classes are
considered as “negative.” The average AUC is then
reported.
In Table 1, the experimental results are reported
(AUC) using the following methods:
• (Shi & Zhang, 2009): the method reported in [9],
where few selected Radon features and Haralick
feature are extracted from the distance matrix;
• PSEAA: the Chou's pseudo amino acid composition
method explained in section 2.3;
• LBP: standard Local Binary Pattern descriptor
with16 neighborhoods and radius of the operator=2
[30];
• LTP: standard Local Ternary Pattern descriptor
with16 neighborhoods and radius of the operator=2
[30]
• DLBP: dominant Local Binary Pattern descriptor
with16 neighborhoods and radius of the operator=2
and the 90% of the bins are selected [31];
• LPQ(x): the local phase quantization descriptor
with the radius of the operator equal at x;
• LPQ(1+2+3+4): a combination by sum rule of
LPQ(1), LPQ(2), LPQ(3) and LPQ(4);
• LPQ(1+2+3+4)+K×PseAA: fusion by weighted
sum rule between PseAA and LPQ(1+2+3+4). The
weight of PseAA is K, while the weight of
LPQ(1+2+3+4) is 1. Before the fusion the scores of
the two methods are normalized to mean 0 and
standard deviation 1.

2
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From the results reported in table 1, the following
conclusions can be drawn:
• The LPQ texture descriptor works well in this
particular application;
The multiresolution approach based on the
combination of different LPQs with different radii of
the operator outperforms the stand-alone LPQ;
• The features used in [9], a set of selected Haralick
features and moments extracted from the Radon
coefficients, works particularly well in the BINDING
dataset, but in the other three datasets LPQ
outperforms [9].
• In each dataset the fusion approach outperform
PseAA. Notice that in the FOLD dataset, where the
structural classification problem is addressed, the
features extracted from the distance matrix work very
well. Obviously, in this particular problem, the
structural classification of the distance matrix brings
more information than the amino-acid sequence
(since the protein backbone is very important in this
task).
Contrarily to what was reported in [32], we have
shown that a stand-alone texture descriptor can be used as an
efficient feature extraction from the DM. LPQ extracts a
reliable set of features when using the entire DM, and its
fusion with a standard protein descriptor as PseAA creates a
high performance system.
To validate the effectiveness of our proposed method,
we compare it with several other methods reported in the
literature using the FOLD dataset. We also employ the same
testing protocols reported in the original paper [1]. The
comparison results are listed in Table 2. In [1], the authors
propose using six kinds of features denoted by C,S,H,P,V
and Z. The letter C is just the popular amino acid
composition, while the left five letters indicate the features
of Polarity, Polarizability, Normalized Van Der Waals
volume, Hydrophobicity and Predicted secondary structure
respectively. In [2, 3] the authors use the same set of
features as [1], but they experiment with different classifier
systems. We report the best performing system. In [5]
CSHPVZ is combined with bigram-coded feature (B) and
spaced bigram-coded feature (SB). In [6], the features used
by [5] are used but the classifier system uses fusion. The
results reported in table 2 demonstrate that our proposed
system, specifically LPQ (1+2+3+4), outperforms other
reported methods with the highest accuracy of classification.
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DATASETS

FEATURE EXTRACTION

FOLD

BINDING

GO

ENZYME

PseAA

51.95

90.96

69.53

69.82

(Shi & Zhang, 2009)

72.99

88.86

55.34

62.97

LBP

50.91

73.82

55.70

61.10

LTP

56.62

72.20

56.50

62.10

DLBP

55.84

83.67

59.30

63.00

LPQ (1)

77.14

85.58

67.18

57.69

LPQ (2)

85.45

82.42

66.44

60.75

LPQ (3)

84.68

82.09

67.63

65.38

LPQ (4)

85.45

81.34

68.67

63.86

LPQ (1+2+3+4)

87.27

85.48

69.43

65.56

LPQ (1+2+3+4)
1×PseAA

+

85.19

91.02

74.58

72.21

LPQ (1+2+3+4)
2×PseAA

+

78.70

91.76

73.46

72.81

LPQ (1+2+3+4)
3×PseAA

+

73.25

91.98

72.79

72.34

Table 1. Comparison of the different methods.

Method

Accuracy
(%)

(Ding & Dubchak, 2001) [1]

56.50

(Chinnasamy et al., 2005) [2]

58.18

(Shi et al., 2006) }[3]

61.04

(Huang et al., 2003) [5]

65.50

(Lin et al., 2007) [6]

69.60

(Shi & Zhang, 2009) [9]

72.99

Our LPQ (1+2+3+4) method

87.27

Table 2. Best reported results in the literature
using the FOLD dataset.

4. Conclusion and Discussion
This reported a study of texture descriptors for
training an ensemble of classifiers for protein classification.
The texture descriptors are extracted from the 2-D distance
matrix obtained from the 3-D tertiary structure of a given
protein. Our method combines direct and indirect feature
extraction methods by fusing the texture descriptors and the
pseudo Chou’s amino acid descriptor. The ensemble system

proposed in this paper was tested on four datasets, and the
experimental results show that our proposed method
outperforms stand-alone approaches.
The best practical finding revealed in this work is that
a combination of texture descriptors extracted from the 2-D
distance matrix and amino acid descriptors boost
performance in classifier systems.
In the future, we plan on experimenting with more
texture descriptors. Preliminary experiments have
demonstrated promising results [32]. In particular we are
looking at using a holistic method based on the
neighborhood preserving embedding method (NPE) 3 [33].
This is a subspace learning algorithm aimed at preserving
the global Euclidean structure of the space. Thus far we
have obtained 40% accuracy using the FOLD dataset. We
are also examining a recently proposed Gabor based
descriptor [34]. Thus far we have obtained 66% accuracy
on the FOLD dataset. Both these results consider extracting
features from subwindows of the distance matrix using
random subspace as the classifier.

3

The
matlab
code
is
available
http://www.cs.uiuc.edu/homes/dengcai2/Data/data.html
(Accessed 15 July 2009)

at
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Effectively Integrating information content and structural
relationship to improve the GO-based similarity measure
between proteins
Bo Li1, Feng Luo1, James Z. Wang1, F. Alex Feltus2, and Jizhong Zhou3
1
School of Computing, Clemson University, Clemson, SC, USA
2
Department of Genetics and Biochemistry, Clemson University, Clemson, SC, USA
3
Institue for Environmental Genomics, University of Oklahoma, Norman, OK, USA

Abstract - In this paper, we propose a new similarity
measure, information coefficient similarity measure (SimIC),
to effectively integrate both the information content (IC) of
GO terms and the structural information of GO hierarchy to
determine the semantic similarity between proteins. Testing
on yeast proteins, our results show that SimIC efficiently
addresses the shallow annotation issue in GO, thus improves
the correlations between GO similarities of yeast proteins and
their expression similarities as well as between GO
similarities of yeast proteins and their sequence similarities.
Furthermore, we demonstrate that the proposed SimIC is
superior in predicting yeast protein interactions. We predict
20484 yeast protein-protein interactions (PPIs) between 2462
proteins based on the high SimIC values of biological process
(BP) and cellular component (CC). Examining the 214 MIPS
complexes in our predicted PPIs shows that all members of
159 MIPS complexes can be found in our PPI predictions,
which is more than those (120/214) found in PPIs predicted
by relative specificity similarity (RSS).
Keywords: Semantic similarity, gene ontology

First, the depth of empirical knowledge and the number of
associated GO terms on each aspect of a given protein is
highly variable. This creates a situation where the hierarchical
level of annotated GO terms may not accurately represent the
underlying concept that GO terms at the same level in the
DAG may not be equally specific [2]. Second, annotating
gene products with GO terms is often limited by
bioinformatics techniques including the sensitivity of
homology detection for functional mapping. Proteins may be
annotated with high level GO terms which are close to the
root of the DAG or with GO terms associated with a large
number of genes thereby diluting functional information. This
phenomenon is called “shallow” annotation.
The similarity measures between GO terms are usually
based on two factors: information content (IC) of GO terms
and structural information of GO hierarchy. The IC of a GO
term t is usually defined as negative logarithm of the term's
probability [3]:

IC (t )   log( prob(t ))

(1)

And the probability of a given GO term t is defined as:

1

Introduction

The Gene Ontology [1] is a database of controlled
vocabulary terms that represent human knowledge about
genes and gene products. GO terms are divided into three
categories: biological process (BP), molecular function (MF),
and cellular component (CC). The internal GO structure is a
hierarchical directed acyclic graph (DAG), in which the terms
are vertices and the relationships form the edges. Each of the
three categories forms a branch of the GO DAG. Currently,
the GO is an important knowledge resource to describe
proteins, and using GO annotations to measure the similarity
between gene products has attracted a lot of attention. In
these approaches, the similarity between two proteins is
calculated based on semantic similarities among GO terms
that annotate them.
There are many challenges in the measurement of
semantic similarity between GO terms and between proteins.

prob(t )  anno(t ) 

 anno( d )

d descendant ( t )

 anno( c )

(2)

cdescendant ( root )

where anno(t) is the number of genes directly annotated with
the term t. Thus, the information content of DAG root is 0.
As GO terms ascend the hierarchical tree of DAG from the
leaf, the information content would not increase.
Two structural concepts that are frequently used in GO
similarity measures are the “lowest common ancestor” (LCA)
and “most informative common ancestor” (MICA) [3]. Given
two GO terms, the MICA is their common ancestor with the
lowest probability in the DAG structure. The LCA of two GO
terms is their common ancestor term at the lowest level in the
DAG structure. Notice that there also exists a case where two
terms have multiple ancestor terms at the same level. In this
case, the term with lowest probability will be the final LCA.
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Many similarity measures have been developed based
on structural relationship, information content or both [3-9].
Unfortunately, most existing similarity measures have not
effectively integrated information content and structural
information. Some similarity measures (e.g. Resnik [3])
employ information content of the MICA of two concepts
only. Other similarity measures such as Lin [5], Jiang [4], and
graph information content (GIC) of Pesquita et al [9] utilize
both information content and structural information, but they
actually cannot distinguish semantic differences among
different levels in DAG when both proteins are only
annotated by the same GO term(s). Similarity measures, like
the Relative Specificity Similarity (RSS) of Wu et al. [10]
and Wang et al. [7], consider the structure information of the
GO DAG only. These similarities are also affected by
shallow annotations because no information content is
incorporated into them.
Recently, Schlicker et al. [6] proposed a relevance
similarity that counts both the structural relationship between
two terms and their MICA and the probability of the MICA,
which is defined as the product of Lin similarity and a
coefficient, (1-prob(MICA)). The adjustment of Lin
similarity with (1-prob(MICA)) can reduce the effect of
shallow annotations. Unfortunately, the probability
adjustment becomes insensitive when the probability value is
close to 0 and 1.
In this paper, we propose a new method to calculate
similarity between two GO terms by effectively integrating
structural information with IC. Our SimIC is sensitive to IC
differences among GO terms and efficiently addresses the
shallow annotation problem. We have compared SimIC with
Lin, Jiang and GIC, relevance, and Resnik similarities by
calculating the correlations between semantic similarities of
yeast protein pairs and their gene expression similarities and
correlations between semantics similarities of yeast protein
pairs and their sequence similarities. All comparisons are
based on the GO annotations of yeast from Saccharomyces
Genome Database (SGD) [11]. Furthermore, we show that
SimIC is superior in predicting yeast protein interactions.

2
2.1

Methods
New semantic similarity measures by
integrating IC and structure of GO DAG

In order to enforce more impact of information content
on the similarity detection, we introduce a new information
coefficient similarity (SimIC) measure to effectively integrate
information content and structural relationship. The SimIC
between two GO term t1 and t2 is defined as:
2  IC ( MICA))
1
SimIC(t , t ) 
 (1 
)
1 2
IC (t1 )  IC (t 2 )
1  IC ( MICA)

(3)

167

The values of SimIC are also between zero and one. For
example, the yeast has only about 13683 BP annotations, and
then the highest IC of BP GO term will be about 9.52 on
natural log base. Therefore, the BP SimIC of yeast proteins
will have maximum values around 0.9.
The SimIC similarity measure is sensitive to IC
differences among GO terms and efficiently addresses the
shallow annotation problem. For example, if there are about
ten thousand biological process annotations totally, a GO
term with 100 annotations will have a probability of 0.01. On
the other hand, a GO term with ten annotations will have a
probability of 0.001. Then, the adjustments in relevance
similarity are 0.99 and 0.999 respectively. On the other hand,
the SimIC adjustments for the GO term with 100 annotations
and the GO term with 10 annotations are 0.67 and 0.75
respectively. The adjustment in SimIC is much higher than
the adjustment in relevance similarity. The first part of SimIC
is simply the Lin similarity. We also can obtain other flavors
of SimIC by replacing the first part of SimIC with Jiang or
other measures.

2.2

GO database and Yeast GO annotation

The Gene Ontology dated April 16th 2008 was
downloaded from gene ontology consortium website
(www.geneontology.org). The yeast gene annotation database
was
from
Saccharomyces
Genome
Database
(www.yeastgenome.org) and the April 12th 2008 release was
used. Proteins only annotated with “biological process”,
“molecular function” and “cellular component” were filtered
out from the analyses. And the annotations with IEA
evidence code are also ignored in this study. After this
filtering, there were 4620 proteins with biological process
annotations, 3876 proteins with molecular function
annotation and 5077 proteins with cellular component
annotation. Furthermore, only the “is_a” and “part_of”
relationship are used to build the GO DAG.

2.3

Calculation
proteins

of

similarities

between

A protein can be annotated with a set of GO terms.
Therefore, similarity between two proteins can be calculated
based on the similarities between two sets of GO terms. Here,
we investigated three approaches for computing protein
similarity based on GO term similarities [6, 7, 9, 12]


Best match average similarity. The similarity
between two proteins is based on average of best
match GO term pairs [7]. In this similarity measures,
proteins with more GO terms annotated will have more
influence on the overall similarity score.



Average similarity. The similarity between two
proteins is the average of similarities among all pairs
of their GO term sets.

168

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |



2.4

Maximum similarity. The similarity between two
proteins is the maximum similarity among all pairs of
their GO term sets.

Calculation of correlation between
semantic similarity and sequence similarity

The correlation between semantic similarity and
sequence similarity is measured by the correlation between
semantic similarity values and the BLAST log bit scores [12,
13] between sequences. An all-against-all BLAST search for
yeast proteins are performed on a local copy of NCBI
BLAST [14]. The threshold for expect value was set to 100.
As the BLAST result is not symmetric, for each protein pair,
the final sequence similarity is the average of two BLAST
results between them [9]. Then, the correlation is calculated
based on protein pairs with both BLAST bit scores and
semantic similarity values. First, the semantic similarities
were split into 50 intervals. For each interval, the average of
semantic similarities that fall in this interval and the average
of corresponding BLAST log bit scores are calculated.
Therefore, the Pearson correlation is calculated based on
these 50 pairs of average values.

2.5

Calculation of correlation between
semantic similarity and gene expression
similarity

Four microarray profiles have been used for the
calculation [15-18]. All four data sets have at least 50
experiment data points, which should ensure the robust of the
calculation of correlation between gene expressions. First, the
Pearson correlations between expressions of genes were
calculated. Only genes with the number of missing values
less than ten percentage of total experiments were included.
Missing values were estimated using nearest neighbor based
method [19]. Only the protein pairs with both expression
correlations value and semantic similarity values were
included for analysis. The semantic similarities were split into
50 intervals. Then, the correlation between semantic
similarity and expression similarity was calculated based on
the average values of intervals [2]. For each interval, the
average of semantic similarities that fall in this interval and
the average of expression correlations between corresponding
protein pairs were calculated. Then, the Pearson correlation
is calculated based on the average values of semantic
similarities and expression correlation values of 50 intervals.

3
3.1

Results
Correction of the shallow annotation by
SimIC

Many proteins are annotated by general GO terms due
to limited knowledge about these proteins and their
homologs. These shallow annotations will affect the accuracy
of similarity measures, such as Lin, Jiang, Wang and GIC

measures. Both the relevance similarity and SimIC are able to
correct the shallow annotation effect using information
content. Comparing to the relevance similarity, the SimIC
provides more efficient correction for the GO terms close to
root. Fig. 1 shows the distributions of Lin, relevance and
SimIC of all pairs of annotated yeast proteins. As each
similarity measure has different range of values, we take a
normalization step by evenly partitioning values of each
similarity measure into 21 bins. As shown in Fig. 1, the
relevance similarity has similar percentage of the highest
values (last bin) as the Lin similarity has, which means that
the probability adjustment is limited to the highest values.
On the other hand, the SimIC is able to efficiently adjust the
high similarity values caused by shallow annotations and lead
to a very low percentage of highest values as shown in inner
figure of Fig. 1. For example, as shown in Fig. 2A, yeast
proteins YDR387C and YHL035C both annotated with term
“transport”, a level-three GO term with 1726 annotations in
total associated with the term and its descendants. And as
shown in Fig. 2B, yeast proteins YNL108C and YJR051W
both are annotated with “metabolic process”, a level-two GO
term with 7027 annotations in total associated with the term
and its descendants. Both pairs of yeast proteins will have
similarity values of 1.0 based on Lin, Wang, Jiang and GIC
measures. The relevance similarity has a value of 0.8512 for
YDR387C and YHL035C and a value of 0.5689 for
YNL108C and YJR051W. Meanwhile, the SimIC has a value
of 0.6829 for YDR387C and YHL035C and a value of
0.4284 for YNL108C and YJR051W.

Figure 1. Distribution of Lin, relevance and SimIC of all pairs of annotated
yeast proteins. The values of all similarities are partitioned into 21 bins. The
first bin includes number of protein pairs with zero values. The following ith
bin includes values number of protein pairs with i*bin_size <values≤
(i+1)*bin_size, where bin_size=(max-min)/20. Inner Fig. shows the
distribution of last four bins.
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improved the correlations between sequence similarities and
GO semantic similarities of cellular components (CC), which
usually have higher shallow annotation rate. Moreover, the
Resnik similarity gave the highest average correlation for
maximum protein similarity approach, and the SimIC resulted
in the highest average correlations for both average and best
match average protein similarity approaches. The best match
average approach based on SimIC give overall best average
correlation value of 0.893. These results suggest that SimIC
measure can improve the average correlation between
semantic similarity and sequence similarity of proteins.
TABLE I.

CORRELATIONS BETWEEN SEMANTIC SIMILARITIES AND
SEQUENCE SIMILARITIES OF YEAST PROTEINS
Maximum

Figure 2. Examples of different levels of information coefficient corrections

3.2

Improvement of correlation between GO
semantic
similarities
and
sequence
similarities of yeast proteins by SimIC

In order to further demonstrate the effectiveness of
SimIC, we first calculated the correlation between GO
semantic similarities and sequence similarities of yeast
proteins. Seven GO semantic similarities including the Lin,
Jiang, GIC, RSS, Resnik, relevance and SimIC similarities
were used for the analysis. Previous studies [6, 12, 13]
already showed that high sequence similarities are correlated
with high semantic similarities although high semantic
similarities do not always mean high sequence similarities.
Therefore, we only employed protein pairs with both
significant sequence similarity and semantic similarity in the
comparison (see detail in Methods). As a protein can be
annotated by multiple GO terms, three approaches:
maximum, average and best match average have been used to
calculate protein semantic similarity from the GO term
similarity. Table 1 show the correlations between different
protein semantic similarities based on GO similarity measures
of three GO branches and the sequence similarity. For the
average protein similarity approach, the Resnik similarity
gave higher average correlation than those original Lin, Jiang
gave, which is consistent with Lord’s results [13]. For all
three approaches of protein semantic similarities, the SimIC
always give higher average correlation values and lower
standard deviation than those of Lin, Jiang and GIC
similarities. However, the relevance similarities do not
always lead to higher average correlations. This indicated that
the SimIC will be more effective than relevance similarity.
Furthermore, it is noted that the SimIC has dramatically

RSS

Resnik

BP
MF
CC
Ave.
Std

0.691
0.694
0.535
0.640
0.091

0.899
0.905
0.861
0.888
0.024

BP
MF
CC
Ave.
Std

0.788
0.803
0.631
0.741
0.095

0.895
0.898
0.616
0.803
0.162

BP
MF
CC
Ave.
Std

0.825
0.832
0.714
0.790
0.066

0.931
0.942
0.647
0.840
0.167

Lin

jiang

0.714
0.505
0.839
0.311
0.732
0.465
0.762
0.427
0.068
0.102
Average
0.833
0.649
0.906
0.687
0.570
0.361
0.770
0.566
0.177
0.178
Best match average
0.910
0.889
0.848
0.754
0.770
0.759
0.843
0.801
0.070
0.077

GIC

Rel.

SimIC

0.777
0.705
0.702
0.728
0.042

0.701
0.879
0.657
0.746
0.118

0.738
0.855
0.767
0.787
0.061

0.777
0.705
0.702
0.728
0.042

0.829
0.868
0.664
0.787
0.108

0.863
0.872
0.735
0.823
0.077

0.777
0.705
0.702
0.728
0.042

0.895
0.938
0.840
0.891
0.049

0.915
0.892
0.871
0.893
0.022

The highest average correlation is indicated by bold.

3.3

Improvement of correlation between GO
semantic similarities and expression
similarities of yeast proteins by SimIC

Another widely used method to evaluate GO semantic
similarities is to calculate the correlation between semantic
similarities and gene expression similarities [2]. Here, we
calculated the correlations between each of these three
approaches of protein semantic similarities based on the Lin,
Jiang, GIC, RSS, Resnik, relevance and SimIC similarities of
three GO branches and each of the expression similarities
from four yeast microarray studies [15-18]. The results are
shown in Tables 2. For the maximum protein similarity
approach, the Resnik similarity yielded higher average
correlations than Lin and Jiang similarities gave, which is
consistent with Sevilla’s results [2]. For all these three
approaches of protein semantic similarities, the SimIC always
gave higher average correlation values than those Lin, Jiang
and GIC similarities give, although the standard deviation of
correlations are not always lower. Meanwhile, the relevance
similarities only gave lower average correlations than those
Lin, Jiang and GIC similarities gave in some of cases. These
results further confirm that the SimIC will be more effective
than relevance similarity in fine tuning up the semantic
similarities. The Resnik similarity resulted in the highest
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average correlation for maximum protein similarity approach
and the SimIC yielded the highest average correlations for
both average and best match average protein similarity
approaches. Overall, the best match average approach based
on SimIC gave the highest average correlation value of 0.785.
These results suggest that SimIC will improve the average
correlations between semantics similarities and gene
expression similarities of proteins.
TABLE II.
CORRELATIONS BETWEEN SEMANTIC SIMILARITIES
(MAXIMUM) AND EXPRESSION SIMILARITIES OF YEAST PROTEINS
Maximum
BP-MAPK
MF-MAPK
CC-MAPK
BP-Damage
MF-Damage
CC-Damage
BP-CC
MF-CC
CC-CC
BP-ENV
MF-ENV
CC-ENV
Average
Std

RSS
0.511
0.419
0.583
0.497
0.464
0.672
0.422
0.537
0.668
0.427
0.36
0.707
0.522
0.114

Resnik
0.631
0.564
0.550
0.849
0.752
0.640
0.894
0.844
0.806
0.884
0.786
0.718
0.743
0.122

Lin
0.575
0.505
0.323
0.727
0.682
0.472
0.760
0.615
0.699
0.731
0.541
0.398
0.586
0.141

BP-MAPK
MF-MAPK
CC-MAPK
BP-Damage
MF-Damage
CC-Damage
BP-CC
MF-CC
CC-CC
BP-ENV
MF-ENV
CC-ENV
Average
Std

0.658
0.392
0.570
0.641
0.577
0.534
0.682
0.604
0.728
0.695
0.649
0.632
0.613
0.089

0.580
0.614
0.321
0.803
0.782
0.516
0.822
0.882
0.529
0.794
0.822
0.544
0.667
0.173

0.762
0.531
0.426
0.794
0.704
0.610
0.820
0.768
0.735
0.789
0.660
0.608
0.684
0.120

BP-MAPK
MF-MAPK
CC-MAPK
BP-Damage
MF-Damage
CC-Damage
BP-CC
MF-CC
CC-CC
BP-ENV
MF-ENV
CC-ENV
Average
Std

0.835
0.46
0.688
0.82
0.677
0.703
0.855
0.683
0.708
0.847
0.638
0.835
0.46
0.688

0.686
0.690
0.389
0.870
0.820
0.587
0.792
0.666
0.637
0.863
0.841
0.686
0.690
0.389

jiang
0.200
0.007
0.209
0.398
0.275
0.043
0.501
0.022
0.616
0.466
0.290
0.040
0.252
0.211

GIC
0.774
0.539
0.530
0.716
0.611
0.666
0.793
0.636
0.721
0.757
0.604
0.658
0.667
0.09

Rel.
0.499
0.556
0.299
0.568
0.533
0.477
0.583
0.581
0.687
0.612
0.543
0.484
0.535
0.094

SimIC
0.568
0.640
0.519
0.716
0.707
0.630
0.756
0.774
0.798
0.731
0.737
0.686
0.689
0.084

0.774
0.539
0.530
0.716
0.611
0.666
0.793
0.636
0.721
0.757
0.604
0.658
0.667
0.09

0.788
0.507
0.384
0.832
0.578
0.530
0.881
0.696
0.708
0.836
0.595
0.568
0.659
0.155

0.734
0.631
0.462
0.832
0.746
0.602
0.889
0.812
0.661
0.870
0.751
0.650
0.720
0.125

0.774
0.539
0.530
0.716
0.611
0.666
0.793
0.636
0.721
0.757
0.604
0.658
0.667
0.09

0.938
0.551
0.599
0.926
0.613
0.685
0.922
0.743
0.819
0.921
0.647
0.938
0.551
0.599

0.847
0.665
0.562
0.897
0.767
0.696
0.942
0.831
0.771
0.919
0.787
0.738
0.785
0.111

Average
0.497
0.372
0.185
0.657
0.358
0.517
0.578
0.433
0.629
0.597
0.122
0.526
0.456
0.170

Best match average
0.930
0.622
0.540
0.904
0.750
0.711
0.900
0.752
0.732
0.908
0.686
0.930
0.622
0.540

0.883
0.661
0.426
0.878
0.649
0.576
0.884
0.651
0.600
0.887
0.693
0.883
0.661
0.426

The highest average correlation is indicated by bold. Four microarray profiles [15-18] are denoted as
“MAPK” [17], “Damage”[15], “CC”[18] and “ENV” [16], respectively. The GIC semantic similarity
measure itself is a protein similarity measure and is not affected by different protein similarity measures.

3.4

Improvement of protein
prediction using SimIC

interaction

Recently, Wu et al. [10] predicted protein interactions
based on RSS similarities between protein pairs. They
predicted “gold standard” protein interactions using 0.8 as
threshold for BP and CC RSS similarity values. Their
predictions are proven to be consistent with known
experimental interactions and complexes. RSS is a similarity
measure based on the structural information only. As

discussed in the introduction above, it may be insufficient to
measure the similarity between protein pairs. So we
hypothesized that predicting protein interactions based on
RSS may not be effective enough. In an example provided in
Wu’s paper, the authors proposed that LRP1 is a new
member of complex DNA ligase IV (MIPS complex
510.180.30.20) because LRP1 has high RSS similarities with
other two member of this complex, DNL4 and LIF1. For the
maximum protein similarity approach, the RSS between
DNL4 and LRP1and between LRP1 and LIF1 are 0.818 for
CC and 1.000 for BP. Meanwhile, for the maximum protein
similarity approach, the SimIC similarities between DNL4
and LRP1and between LRP1 and LIF1 are both 0.194 for CC
and 0.864 for BP. By looking into cellular component GO
terms annotated LRP1, DNL4 and LIF1, we find that the
MICA of CC GO terms annotated LRP1 and LIF1, LRP1 and
DNL4 is “nuclear part” with id GO:0044428 (supplemental
Fig. 1 and 2 [20]). Although the “nuclear part” is at the fifth
level of the GO cellular component tree, there are 1662
annotations in total associated with this GO term and its
descendants, which means that this GO term is a general GO
term and is weakly informative. Our SimIC considers this
fact, hence providing lower similarity values.
We also observed that some protein pairs with low RSS
actually score quite high with SimIC similarities. An
example is yeast protein pair HSP12 and MUC1. The BP RSS
of this pair is 0.270 while the SimIC is 0.847. After further
investigating the BP GO terms annotated HSP12 and MUC1,
we found that the MICA of these BP GO terms is “cell
adhesion” with id GO:0007155 (supplemental Fig. 3 [20]).
Although the “cell adhesion” is at the third level of GO
biological process tree, there are only 9 annotations
associated with this GO term and its descendants, which
means this term is very informative. Our SimIC similarities
take into account both structure and information content, and
then give out high similarity value between HSP12 and
MUC1. On the other hand, RSS gives low similarity value
purely based on the structure information of the GO terms.
To further investigate the effect of information content,
we compared the RSS values of all possible yeast protein
pairs with those of SimIC. As Wu et al. used the RSS values
0.8 as threshold to determine their gold standard positive, we
wanted to examine how many protein pairs with high RSS
values (>0.8) will have a low SimIC (<=0.2). A statistical
study showed that protein pairs were unlikely to interact if
their SimIC is less than or equal to 0.2. We obtained 234976
protein pairs with high BP RSS (>0.8). Among these 234976
protein pairs, 681 pairs have low SimIC similarities (<=0.2)
with a percentage of 0.29%. We also obtained 172862 pairs
of proteins with high CC RSS (>0.8). Among these, 81515
pairs had low SimIC values (<=0.2) with a percentage of
5.96%. Furthermore, for 12956 pairs of proteins with both BP
and CC RSS values greater than 0.8, 1460 pairs with either
BP or CC SimIC values are less than or equal 0.2 with a
percentage of 11.27%. The reason that we detected fewer
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pairs of interacting proteins than those obtained by Wu et al.
may be because of the different version of GO annotation we
used or because of only “is_a” and “part_of” relationship in
DAG tested in this study. Our results show that “shallow
annotation” affects the calculation of semantics similarity.
RSS, which utilize only the structural information of GO
DAG, may lead up to a ~10% increase in false positive
protein interaction predictions.

YKU80 and YKU70. The link between DNL4 and LIF1 and
the link between YKU70 and YKU80 are verified in both
MIPS database [21] and DIP database [22]. The links
between DNL4, LIF1 and YKU70, YKU80 are not presented
in both databases. However, there is experimental evidence
showed that Ku complex can form a temporary complex with
DNA ligase IV complex [23]. Then, we examined how MIPS
complexes [21] exist in our predicted PPIs. Only 214 MIPS
complexes with at least two distinct members were included
in our study. Members of 202 complexes were found in our
predicted PPIs. There were 159 complexes of which all
members were detected. Meanwhile, only 120 of 214
complexes of which all members were found in Wu’s
predicted protein network [10]. This result implies our
predicted networks are more consistent in detecting
experimentally verified protein complexes.

4

Figure 3. Statistical significance of SimICs The values of BP SimICand CC
SimIC are partitioned into 10 bins, respectively. The ith bin includes values
number of protein pairs with i*bin_size <values≤ (i+1)*bin_size, where
bin_size=0.1. The Z-score for each combination bin of BP and CC are
calculated by (#pairsMIPS –Average #pairsrandom)/SDrandom.

Then, we applied our SimIC to predict yeast protein
interactions. In order to compare with Wu’s study, we used
the maximum protein similarity approach. First, the statistical
significances of SimIC were obtained by comparing the
SimIC similarities of interactions between proteins from
MIPS complex [21] with those of randomly sampled protein
interactions. As shown in Fig. 3, in two of 100 bins: BP (0.7,
0.8], CC (0.8, 0.9] and BP (0.8, 0.9], CC (0.8, 0.9], the MIPS
complex protein interactions were 1580 and 774 standard
deviation greater than the average number of random protein
pair in those bins, respectively. Then, we use 0.7 as threshold
for the BP SimIC and 0.8 as threshold for CC SimIC to
predict yeast protein interactions. If a protein pair’s BP
SimIC was greater than 0.7 and its CC SimIC was greater
than 0.8, they were predicted to interact. In total, we
predicted 20484 protein-protein interactions (PPIs) between
2462 proteins. Among 20484 PPIs, there were 6076 PPIs are
in the MIPS data, which includes 8250 protein pairs with
both BP and CC annotations. Thus, our predictions revealed
73.65% of MIPS PPIs
The network consists of 128 connected components
(supplemental Fig. 4 [20]). The largest component has 1871
proteins and 18269 interactions. As an example, we examined
the predicted interactions of two proteins mentioned above in
complex DNA ligase IV: DNL4 and LIF1 (supplemental Fig.
5 [20]). In predicted PPIs, the DNL4 and LIF1 interact and
both are connected to two proteins in the Ku complex:
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Conclusions

The Gene Ontology has been increasingly used to
annotate proteins, and in some cases is the only clue to
biological function in a newly sequenced gene. The
effectiveness of semantic similarity measures is an important
consideration for the comparison of proteins based solely on
their GO annotations. Most current existing semantic
similarity measures do not effectively combine the structural
information of GO DAG and information content of GO
terms. In this paper, we proposed a new measure, SimIC,
which can efficiently address the shallow annotation problem.
We compared our proposed SimIC measure with Lin, Jiang,
GIC, relevance, RSS and Resnik similarities through the
study of the correlation between semantic similarities of yeast
protein pairs and their gene expression similarities and the
correlation between semantic similarities of yeast protein
pairs and their sequence similarities. The results show that
our SimIC measure has the highest average correlation with
gene expression similarities and sequence similarities.
Furthermore, we demonstrate that our SimIC measure is
superior to RSS in predicting protein interactions. We have
successfully predicted 20484 protein-protein interactions
(PPIs) between 2462 proteins, and the predicted protein
interaction network covers more MIPS protein complex than
the protein interaction network of Wu et al. does. Moreover, a
quick examination of our PPI network detected the predicted
protein interactions between Ku complex and DNA ligase IV
complex, which are supported by biological evidence.
Although the SimIC measure is promising, there are
reasons to further improve the semantic similarity measure. In
our current approach, we have not distinguished the “is_a”
and the “part_of” relationships among GO terms. In the
future, we will investigate the difference of the information
content between the “is_a” and the “part_of” relationships.
In addition, two terms are semantically close if they have
“regulates”,
“positively_regulates”
and
“negatively_regulates” relation with the same term, even
though they are not directly related. Utilization of the
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“regulates”,
“positively_regulates”
and
“negatively_regulates” relationships in the semantic similarity
measure will require further investigation. Furthermore, it is
worthwhile to explore the role of evidence codes of GO
annotation in the semantic similarity measure.
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Abstract—Alternative splicing is an important process in gene
expression. The splicing in gene expression plays a major role in
increasing the diversity arising from a single gene. Most studies
for alternative splicing are based on ESTs (Expressed Sequence
Tags). However, use of ESTs has some weaknesses in predicting
alternatively spliced sites: EST libraries’ uncertain quality, the
regions where ESTs are unavailable, and analysis by transcribed
alignments rather than prediction of patterns. To address and
improve these issues for alternative splicing, a recent study
proposed the method that uses pre-mRNAs without using ESTs
directly. The study revealed that a codon (triplet nucleotides)
is a useful means to detect alternative splicing patterns. Sixty
four codons are commonly grouped into twenty amino acids
letters. Furthermore, grouping twenty amino acids into reduced
alphabets may aid in detecting patterns. It can make patterns
simply. In this paper, alternative splicing is detected by a reduced
amino acids alphabet.

I. I NTRODUCTION
Alternative splicing is an important process in gene expression, whereby a pre-mRNA is transcribed to different mRNAs
and then translated to different proteins [1][2]. Alternative
splicing thus provides a mechanism for expanding the coding
potential of a genome, and introduces potential mutations of
genes [3][4][5][6][7]. Four general patterns of alternative slicing are widely known: ‘Alternative Acceptor Site,’ ‘Cassette
Exon,’ ‘Alternative Donor Site,’ and ‘Retained Intron.’ We
refer the readers to [8] for details.
Studies of alternative splicing detection have been carried
out by using ESTs (Expressed Sequence Tags) and DNA
microarrays. ESTs are used as markers of transcription in a
particular gene. By detecting presence of ESTs, it can be determined whether a gene is expressed or not. They can also be
used to establish intron-exon boundaries. Studies of alternative
splicing based on ESTs involve two steps: gap-patching and
redundancy-removing [3]. The gap-patching is a process to
correct gaps and mismatches between genomic sequences and
ESTs or between two sets of ESTs. Redundancy-removing
filters out redundant ESTs. However, EST-based studies have
limitations. Since gene sequences are analyzed by aligning
spliced transcripts, when ESTs are low in abundance [9] or
when ESTs are not available, presence of alternative splicing
in those genes cannot be detected. Also, there are concerns
for relatively low quality of ESTs [9]. The uncertain quality
of EST libraries [10][11][12] may lead one to pick redundant
and erroneous transcripts [6][11][13].

A DNA microarray is a tool for the analysis of gene
expressions. It is based on a base-pairing principle when
probes are hybridized to targets on a microarray. Gene expression is detected by way of extraction, labeling, hybridization, and scanning. In particular, a DNA microarray with
oligonucleotide arrays are used to detect various expressions
of splicing. A DNA microarray is efficient in detecting short
splice products. As more data is used, more splice variants can
be detected. Also experiments have to be repeated to enhance
the accuracy of the data. However, a high cost associated with
microarrays limits the availability of a large data set.
EST- or microarray-based approaches laid the groundwork
for studies of alternative splicing. Isolation of alternative
splicing was not possible without such experiments. It is clear,
however, these approaches are limited to take data of physical
experiments. Increasing attention is paid to computational
methods in bioinformatics in order to aid in predicting or
understanding biological events from genome sequence patterns beyond what are available from experiments [14]. For
example, sequence patterns of alternative acceptor/donor sites
are derived for Arabidopsis thaliana in [15]. Sixty four codons
are typically represented by twenty amino acids letters with
genetic code. Based on the twenty letters, alternatively and
normally spliced sites are classified in pre-mRNA. It shows
that a unique Intelligent Binary Tree for classification can be
derived for each chromosome [16].
In this paper, similar analysis in pre-mRNA are conducted
on the basis of a reduced alphabet of 15 size. The reduced
alphabet is constructed by coalescing amino acids according to
base-pairing and complementary relationship of bases within
codons. Results of detecting alternative splicing are shown to
be comparable to those found with twenty letters.
II. R EDUCED A MINO ACIDS A LPHABETS
Sixty four codons are typically grouped into twenty amino
acids letters. With twenty letters, patterns of alternative and
normal splicing are derived for acceptor/donor sites in Arabidopsis thaliana [15]. All acceptor/donor sites published in
TIGR database are analyzed. When more complex organisms
are analyzed, the pattern analysis can be greatly simplified if
reduced alphabets are used. It is expected that the accuracy
of detection of sequence patterns or protein functions will
be decreased when reduced alphabets are used. Since the
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degree of accuracy is dependent upon how amino acids are
grouped together to produce reduced alphabets, a series of
progressively larger alphabet sizes is created. All groupings
of amino acids take into account physical properties of side
chains in amino acids.
In order to evaluate various groupings described in the following subsection, we consider the accuracy of detecting alternative and normal splicing in acceptor/donor sites of Arabidopsis thaliana. Alternative acceptor/donor sites of Arabidopsis
thaliana are well established in TIGR database [17]. TIGR
database is constructed from a combination of ESTs and experimental validation for improved data quality [15][18][19].
Testings of various groupings are conducted to determine how
well each reduced alphabet performs in detecting alternative
splicing.
A. Reduce Alphabet Size of 2 and 4
Amino acids are partitioned into two groups by a hydrophobic property as polar and non-polar. Grouping of amino acids
according to equivalence classes can be an efficient means of
expressing amino acid features, and can be used to predict the
structure of proteins [20][21][22][23]. In studies of proteinprotein interactions, for example, they based on a hydrophobic
feature are shown to be superior to those which considered
several other features than the hydrophobic property [24].
Although simple, several studies suggest that more than two
groups might be more useful [20][21][22][23]. Actually, in
detecting alternative acceptors/donors, reduced alphabet of 2
size provides poor results. Alternative acceptors/donors are not
accurately separated from acceptor/donor sites in Arabidopsis
thaliana.
Amino acids with polar side chains are further classified into
three groups: basic, acidic and neutral. As expected, a reduced
alphabet of 4 (non-polar, basic, acidic, neutral) also produces
poor results in detecting alternative spliced sites. Both 2 and
4 groupings are not able to distinguish between alternatively
and normally spliced sites.

Fig. 1. Triplet nucleotides are converted into one codon. 64 codons are
converted into 20 amino acids by the first base, and then they can be marked
as 20 letters.

B. Reduce Alphabet Size of 9
A typical table of 64 codons are organized by the first base
(refer to Fig. 1). In here, consider the codon table organized
by the second base. With the amino acid grouping according
to four physical properties (polar, non-polar, acidic, basic
properties), the codon table is shown in Fig. 2. The yellow
indicates non-polar, green indicates polar, purple indicates
basic and red indicates acidic.
It is easily recognized that color variations in adjacent
groups are significantly reduced, compared to those in the
genetic code that can be marked by 20 colors (refer to
Fig. 1). This can be the basis of formulating the reduced
alphabets. Therefore, we first partition codons into primary
groups according to the second base. Codons in each primary
group are further partitioned by physical properties of amino
acids. This produces nine groups, as shown in TABLE 1.
When the reduced alphabet of 9 is applied to acceptor sites
of chromosome At1g in Arabidopsis thaliana, only 25.9% of

Fig. 2. Classification by the second base. The yellow indicates non-polar,
green indicates polar, purple indicates basic and red indicates acidic.

spliced sites are correctly distinguished between alternatively
and normally spliced sites. The degree of accuracy is such that
it is determined that further testings of the grouping are not
warranted.
III. R EDUCED A LPHABET S IZE OF 15
In this grouping, still the partition by the second base is first
used. For Fig 2, it can immediately be recognized that codons
in *U* (* denotes any base among A, U, G, and C) can be
grouped into a single letter. Among those with the second base
of C (*C*), two alphabets are visually clear: (UC* and AC*)
and (CC* and GC*). Note that U and A as well as C and
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TABLE I
R EDUCED A LPHABET S IZE OF 9. T HE SIZE OF AMINO ACIDS ALPHABET IS
REDUCED BY ANALYSIS OF THE SECOND BASE AND PHYSICAL PROPERTY
OF AMINO ACIDS .

Grouping
Second base
Property
U
Non-Polar
C
Polar
Non-Polar
A
Polar
Basic
Acidic
G
Polar
Non-Polar
Basic

Amino Acids
Phe, Leu, Ile, Met, Val
Thr
Pro, Ala
Tyr, Gln, Asn
His, Lys
Asp, Glu
Cys, Ser, Gly
Trp
Arg

G have complementary relationship with each other. It turns
out that rules for classifying the remainder of codons can be
developed according to the complementary relationship and
base-pairing. When a group does not terminate in one letter,
a new rule of base-pairing or complementary relationship has
to be applied. The classification rules can be described below,
and resulting alphabets are depicted in TABLE 2.
1) Apply base-pairing on the second base: (*U* and *A*)
and (*C* and *G*). .
2) In the group (*U* and *A*), first consider the group in
(*U*). All codons in the group have non-polar
property, and terminate with a distinct letter. Apply a
base-pairing on the first base to the (*A*) group: (UA*
and AA*) and (CA* and GA*).
3) In the group(*C* and *G*), apply the base-pairing on
the first base. From (*C*) group, amino acids in (UC*
and AC*) and (CC* and GC*) groups share polar and
non-polar property, respectively. They terminate with
distinct letters. The (*G*) group is partitioned into two
groups, (UG* and AG*) and (CG* and GG*).
4) Amino acids in (UA*) and (GA*) share the properties
of being polar and acidic, respectively, and terminate
in distinct letters. In the groups for (AA*) and (CA*),
apply complementary relationship on the third base.
This produces two groups each from (AA*) and
(CA*), which terminate in four letters. Groups
partitioned from (AA*) exhibit complementary
relationship, as do groups partitioned from (CA*).
5) Groups (CG*) and (GG*) have basic and non-polar
properties, respectively, and terminate in letters.
Groups (UG*) and (AG*) are partitioned into two
groups each, which terminate in letters. Groups
partitioned from (UG*) exhibit complementary
relationship, as do groups partitioned from (AG*).
From TABLE 2 , it can be noted that not only an opposing
relationship between non-polar and polar features but also a
complementary relationship between polar and basic features.
Even though all basic features occur inside the polar group
(see Section II-A), the analysis shows that the two groups can
have a complementary relationship. With the classification that
reflects physical features and computational analysis of bases,
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TABLE II
R EDUCED A LPHABET S IZE OF 15. T HE SIZE OF AMINO ACIDS LETTERS IS
FORMULATED BY COMPLEMENTARY RELATIONSHIP AND BASE - PAIRING
RULE IN EACH BASE . L ETTERS ASSOCIATED WITH COMPLEMENTARY
RELATIONSHIP OR BASE - PAIRING RULE ARE MARKED AS bold(I TALIC AND
B OLD ).
15 Groups
Arrangement
Property
of bases
*U*
Non-Polar
U C* or AC*
Polar
CC* or GC*
Non-Polar
CG*
Basic
GG*
Polar
GA*
Acidic
UA*
Polar
AAU or AAC
Basic
AAA or AAG
Polar
CAU or CAC
Basic
CAA or CAG
Polar
UGU or UGC
Non-Polar
UGG
Polar
AGU or AGC
Polar
AGA or AGG
Basic

Relationship

Base-Pairing Rule,(U and A) and (C and G),
inside each group in 1st base
Complementary Relationship
between Basic and Polar in the 1st base
Complementary Relationship
between Basic and Polar in the 3rd base
Complementary Relationship
between Basic and Polar in the 3rd base
Complementary Relationship
between Non-Polar and Polar in the 3rd base
Complementary Relationship
between Basic and Polar in the 3rd base

we can deduce 15 reduced amino acids letters (refer to TABLE
2).
The final grouping of 15 produces a substantial improvement in the accuracy. TABLE 3 shows the results of comparison with full size alphabet of amino acids. Intelligent Binary
Tree [16] has been used to evaluate accuracy and detection
rate. In acceptor sites, accuracies of detecting alternative
spliced sites are shown to be 62.4%, 99.8%, 99.8%, 57.4%,
and 64.4% for chromosomes At1g, At2g, At3g, At4g, and
At5g, respectively. Alternatively spliced sites of all chromosomes in donor sites have correctly detected. Also included
in the TABLE 3 are accuracies with the full(20 amino acids)
letters as reported in [15]. The table shows that accuracies with
the reduced alphabet size of 15 are comparable to those from
20 letters, the full alphabet, especially for chromosomes Atg2,
Atg3, and Atg5 for acceptor sites. Results for donor sites are
all comparable.
The performance of 15 size reduced alphabet is encouraging, and it is believed that the complementary relationship
plays a role in its performance. It is conjectured that the same
relationship may play a role in predicting the nature of proteins
as well as alternative splicing.
IV. C ONCLUSION
Sequence patterns of alternative splicing in Arabidopsis
thalaia acceptor/donor sites are classified in terms of triplet
nucleotides which are expressed as 20 letters by genetic
code. In this paper, 15 reduced letters are derived. They are
constructed on the basis of base-pairing and complementary
relationships among nucleotides within codons. Each group
represents a physical property of amino acids. This grouping
is validated by showing comparable accuracies in detections
of alternatively spliced sites compared with those by 20 full
alphabet. The reduced alphabet will produce simpler patterns
than by the 20 full alphabet for alternatively spliced sites,
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TABLE III
C OMPARISON OF R EDUCED ALPHABET S IZE OF 15
Chromosome

At1g
At2g
At3g
At4g
At5g
Average

15 Alphabets
Classification
Rate (%)
Acceptor Site Donor Site
62.4
100
99.8
100
99.8
100
57.4
100
64.4
100
76.76
100

Physical
Property

and is expected to be useful in detecting genome sequence
patterns [25]. Furthermore, it may be useful in modeling and
designing proteins, and in finding consensus sequences in
bioinformatics.
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Abstract— Comparisons of protein interaction networks has
shown to be a powerful approach for identifying conserved protein interactions patterns and function associations across species; however, there are challenges to
successfully applying this technique to multiple networks.
We propose an algorithm, HopeMap-M, for global alignment
of multiple protein interaction networks, with the goal to
improve the accuracy, speed, and scalability of the process
of alignmening of multiple protein interaction networks. We
approach the problem in three steps: (i) we start from the
highly orthologous protein groups, (ii) we find conserved
interaction regions globally with a generic scoring system,
and (iii) we validate results across multiple known functional
annotations. Our representation of multiple networks is
constant in their size, as opposed to current representations
which can be exponentially large. The results of up to a
10-way alignment are generated in less than a few minutes
and are evaluated through known gene annotations, gene
ontology (GO) and KEGG ortholog groups (KO). These
alignments are found to have specificity values consistently
greater than 80% while obtaining sensitivity results comparable to other multiple network alignment algorithms.
Keywords: Graph Algorithms; Multiple Network Alignment;
Protein Interaction Networks.

1. Introduction
Discovering conserved regions of protein interactions
across multiple organisms can be translated to the problem of
aligning multiple protein-protein interaction (PPI) networks.
Finding exact solutions to the multiple network alignment
problem is NP-hard [1], [2], [3], [4], [5], [6], [7], which
motivates the search to find efficient heuristic solutions to
the multiple alignment problem.
Most network alignment research has focused on pairwise
network alignment, such as PathBLAST [8], MaWish [2],
and IsoRank [9]. NetworkBLAST [1] can only align up to
three networks. Graemlin 1.0 [10] and Graemlin 2.0 [4],
and NetworkBLAST-M [5] are network aligners which can
align more than three networks. In this paper, we compare
our approach mainly to these multiple network aligners.
Graemlin 1.0 uses a local alignment approach, which is a
progressive alignment technique that allows the alignment

of up to 10 microbial protein interaction networks. Graemlin
2.0 adopts a global alignment concept to improve scoring
functions. NetworkBLAST-M introduces a layered graph
representation to reduce running time.
In this paper, we explore a new approach to the comparative analysis of multiple PPI networks with a focus on
clustering and validating functional homologues with conserved interactions. We first consider the network alignment
in order to globally identify conserved interactions between
close homologues. By close homologues, we mean proteins
that are highly similar in terms of sequence similarity. For
example, two sequences are said to be similar if their BLAST
E-values [11] are much smaller than 10−7 . To this end,
KO groups [7] are used for clustering homologous groups
across species (other homologue annotations may also be
used). Even as protein interaction databases continue to grow
in size and species coverage, the size of true homologous
groups should not increase too much. For example, the
current common number of KO terms for baker’s yeast (4738
proteins in PPI network), fruit fly (7165 proteins in PPI
network) and worm (3029 proteins in PPI network) is about
604. KO groups are also dynamic sets, which can easily
accept new genes once they are identified.
For the network alignment, we propose an iterative
connected-component (ICC) based algorithm with linear
cost. This clustering and alignment algorithm combines
information of HOmolog (genomic similarity), Physical interactions conservation, and Equivalent functions (HOPE),
we call our main algorithm HopeMap-M.

1.1 Contributions
We develop a fast, accurate and general tool for multiple
network alignment. The algorithm has computation cost
that is linear in the size of the network. The results of
the algorithm are determined to have high specificity and
sensitivity measures.
Our approach and focus are different from existing tools
in several ways. While existing tools first find the conserved
interaction regions by various search algorithms and then
validate the results by gene annotations (GO, KO), we take
a different approach in three steps. First, we start from
the highly orthologous protein clusters across species; then,
we find conserved interaction regions iteratively with a
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generic scoring system; finally, we validate the results across
multiple known functional annotations. Using well known
ortholog clustering results such as KO groups reduces the
computational cost of the process of finding sequence similar
proteins used in the existing tools. Applying a connectedcomponents based algorithm to find conserved region across
species assures a fast approach to maximize matches across
species; it is also a parameter-free clustering algorithm,
unlike most of existing tools which need setting different
sets of parameters for different alignment [4]. Iterative
processing can be applied to refine the identified regions.
The generic scoring function is an open system. Currently it
combines evolutionary evidence such as genomic, interaction
and functional similarities. It can incorporate more features
in the future if necessary. The generality of the HopeMap-M
algorithm allows it to adapt to networks other than biological
networks.

2. Related Work
In general, network alignment algorithms may be classified using following criterions: (1) In terms of the number
of networks aligned: Two (Pairwise) or more (Multiple);
(2) In terms of the scope of the target alignments: Local
or global; (3) In terms of how their models are guided:
Divergance/duplication evolutionary events, neighbouring
topology in the PPI networks, or functional categories such
as MIPS [6], [1], GO terms [12], or KO groups [7].
A unique grouping technique is used in HopeMap-M to
reduce the possibly exponential size of the problem. Our
global alignment concept is similar to that of Isorank [9],
[13] and Graemlin 2.0 [4], however we focus on refining
the local clusters in each species to improve their scores for
local alignment.
Table 1 shows a summary of classification of different
network alignment tools (L=Local, G=Global, P=Pairwise,
and M=Multiple alignment). Our tool focuses on global and
local multiple alignment guided by interacting and functional
similar homologues. The history and some future directions
in the network alignment have been well reviewed by Sharan
and Ideker [14].
Alignment of protein-protein interaction networks passed
through two generations: in the first generation, conserved
pathways/complexes between two species were indentified.
This is often called pairwise alignment. PathBLAST [8] is
one of the pioneering works in this field and one of the first
generation tools in this line. NetworkBLAST [1] extends
PathBLAST to align up to three networks and introduces
a probability model for interactions. MaWish [2] uses a
divergence/duplication model guided by the evolution of a
gene. Graemlin 1.0 [10] introduces an integration probability
model to predict the interactions and can align more than
three networks through an interative approach. The above
mentioned tools are also called local alignment algorithms
because their search algorithms for the conserved regions
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Table 1
C LASSIFICATION OF DIFFERENT NETWORK ALIGNMENT TOOLS .

Tool
PathBLAST [8]
NetworkBLAST [1]
NetworkBLAST-M [5]
MaWish [2]
Graemlin 1.0 [10]
Graemlin 2.0 [4]
IsoRank [9]
IsoRank-M [13]
HopeMap [15]
HopeMap-M

L
×
×
×
×
×

×
×

G

P
×

M
×
×

×
×
×
×
×
×

×
×
×
×

×
×*
×

Model Guide
evolution
evolution
evolution
dupl./div.
general evolution
evolution, dupl.
evolution
evolution
evolution, function
evolution, function

*For multiple alignment, HopeMap can only work for 3-way or 4-way
because the total number of nodes will be very large using the possible
KO group combination.

start from small local regions and then greedily expand.
Isorank introduces the global alignment concept by adopting
the Google Pagerank algorithm idea [16] to the network
alignment. As compared to local aligners, global alignment
algorithms attempt to find the best possible alignment for all
of the genes or proteins in the input networks.
The first generation of alignment algorithms focus on
identifying conserved interaction regions across species;
however, the accuracy, scalability, and scoring functions
of the first generation tools still have limitations. Most of
aligned results do not have high sensitivity or specificity
in terms of biological relevance. The first generation tools
also used very general measurements for the specificity and
sensitivity. For example, a cluster that has more than three
proteins with same complex IDs in MIPS (NetworkBLAST)
or KEGG (graemlin 1.0) is called a pure cluster or a correct
equivalent class [1], [10].
The second generation aligning tools such as Graemlin 2.0
and NetworkBLAST-M [4], [5], attempt to improve both the
accuracy and speed of first generation algorithms for aligning
multiple networks. Using first generational approaches it is
possible to end up with representations of every set of potential orthologous proteins, which can become exponential
with respect to the input size. Instead, the computational cost
of in Graemlin 2.0 is linear with the number of proteins
and PPIs in all the species [4]. NetworkBLAST-M does
not provide detailed information about the computational
cost, but records of its running-time show that it is also
more efficient than first generation tools for multiple network
alignment [5]. Our algorithm (HopeMap-M) is linear with
the number of nodes and edges in the alignment graph,
which is introduced in Section 3.
As reported in Graemlin 2.0, which is to our knowledge
the only algorithm to compare results of all tools with respect
to KO groups, the specificity of NetworkBLAST, Graemlin
1.0, MaWish, Isorank, and Graemlin 2.0 varies from species
to species with average accuracy of 42%, 53%, 57%, 70%,
and 81%, respectively [4]. Graemlin 2.0 does not report the
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interaction conservation in the PPI networks. However, only
KO groups (Graemlin 2.0) or GO terms (NetworkBLAST-M)
are used in each tool. It is possible that a tool that works fine
for one term (KO or GO) may not work well for another term
(MIPS FunCats [6] for example). We will introduce multiplevalidation through more than one functional annotation, i.e.,
we align networks using KO groups and validate through
GO terms and MIPS complexes.
Most of existing tools using different scoring systems
to sort the identified subnetworks. NetworkBLAST and
Graemlin 1.0 combine testing and prediction of interaction
probabilities in their scoring functions [1], [10]. Isorank
uses network structure and sequence similarity information
to score each node [9]. While most of scoring systems
need manual parameter tunning, Graemlin 2.0 develops an
automatic parameter learning scoring system [4]. We propose
a generic scoring function. Currently it combines evolutionary evidence such as genomic, interaction, and functional
similarities. It has the ability to incorporate more features,
which is unique when compared to other network alignment
scoring methods.

3. Problem Formulation
The multiple network alignment problem has been formulated formally [4], [5], [13]. While there are some variations
from one tool to another, the major approaches to solving
the problem are similar: combing gene-sequence information
and PPI network information to find conserved interaction
regions across species. Generally speaking, first similar
sequences proteins (based on BLAST scores [11]) are put
into equivalent class groups which may have one or multiple
proteins from a single species. Then alignment tools are
used to identify conserved interaction regions across species.
Finally, KO groups or GO terms are used to validate the
results.
Each PPI network may be represented as an undirected
graph G = (V, E) where V is the set of nodes representing
proteins, and E is the set of edges representing interactions
between those proteins. The graph G may be a weighted
graph with a weight measure w(e) that is defined for each
edge e in E. Multiple input networks are defined as G1 ,
G2 , . . . , Gk . A multiple network alignment can be treated
as an equivalence relation over all the nodes in all networks
[5]. An equivalence relation is transitive. In analogy with
sequence alignment, local and global network alignments
are defined by Kalaev et al. and Singh et al.[5], [13] A
local alignment is a relation over a subset of the nodes in
all networks while a global alignment is a relation over all
nodes in all networks.
The comparative study or alignment of protein interaction networks helps to interpret cellular machineries, such
as identifying common conserved interaction pathways or
complexes across two or more species. Although finding the
exact solutions to the general problem is NP-hard, heuristic

methods with the combination of sequence, interaction and
functional similarities can be used to identify good solutions. One approach is to build a network alignment graph
across species based on protein ortholog groups, interaction
conservation, and functional coherence. The nodes in the
alignment graph represent sets of proteins, ideally containing
at least one from each species, and edges for the conserved
protein interactions across the compared species. The goal of
network alignment algorithms is to find the highly conserved
interaction regions across homologs among different species.
Proteins with highly similar sequences are believed to
be likely to perform the same biological functions across
species. We will use them as the starting point of our
alignment process to find interactions conserved between
homologues across species. This approach means that the
results will be more biologically relevant and can be evaluated through known functional categories or gene ontology.

4. Methods
Our algorithm, called HopeMap-M, can be described as
follows (Figure 1 shows the five-step flow of the HopeMapM algorithm)

Fig. 1
H OPE M AP -M N ETWORK A LIGNMENT.

Step 1: Obtain the PPI network data and preprocess it.
We need to find all protein pairs which are interacting with
each others in a given species. Databases such as DIP [17]
and SNDB [18], contain such information. We download
this information and use it to determine our set of protein
interactions.
Step 2: Find proteins with highly similar sequences across
species. We use homolog clustering to identify homolog
groups across different species based on all-verus-all BLAST
scores or ortholog annotations. To this end, existing tools
such as KO groups [7] can be used. However, our approach
can use any reliable ortholog annotations.
Besides sequence similarity, all the genes in the same KO
groups are hypothesized to perform the same functions. Once
homolog groups are identified across species, a network
alignment graph can be built based on them. The nodes
in the graph represent sets of proteins, ideally one from
each species in the same homolog group and edges for the
conserved PPIs across the compared species. One way of
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adding edges between node pairs (a1 ,b1 ) and (a2 ,b2 ) is when
both (a1 ,a2 ) and (b1 ,b2 ) are directly interacting with each
other in their species’s PPI networks. Other rules for adding
edges can be incorporated such as those introduced in NetworkBLAST [1]. We introduce a unique grouping technique
to reduce the homologue groups. To reduce the exponential
possible representation, the unique grouping requires that
each protein can join in only a single homologue group to
form a global alignment node; Once a protein already joins
in a homologue group, it is marked so that it will not be reassigned to another homologue group. The unique grouping
dramatically reduces the exponential possible representation.
For example, the possible combinations of homologues in all
species can be more than 10 millions for 10-way alignment
in this paper; the total number of homologue groups reduce
to manageable few hundreds after using our unique grouping
techniques. An alternative is to allow a protein join in up
to K (threshold, for example K=3) same homologue groups
when building alignment graph.
Step 3: Identify conserved protein interaction regions
in the alignment graph. The major algorithm is based on
identifying connected components (clusters) in the alignment
graph. A connected component of a graph is a maximal set of
vertices in which each vertex is reachable via an unbroken
path from every other vertex in the set. An algorithm for
identifying the connected components of a graph can be
found in Cormen et al.[19]
Step 4: Score the identified clusters. Our cluster scoring
function combines a genomic similarity score, interaction
conservation score, and functional coherence score. It is a
normalized function with values in the interval [0, 1] so that
it is possible to compare the scores of different clusters.
The scoring function of a cluster C is defined as:
Score(C) = w1 S(C) + w2 I(C) + w3 F (C)

(1)

In (1) S(C) is the sequence similarity score, I(C) is the
interaction conservation coefficient of cluster C, and F (C)
is the functional coherence score of cluster C. The values
w1 , w2 , and w3 are the corresponding weight coefficients.
Their values are set to 1/3 for each as the default. For more
about how S(C), I(C), and F (C) are calculuated see our
earlier work [15].
Step 5: Validate results. Since our homolog groups are
based on the known KO groups [7], currently we evaluate functional coherence of the identified local clusters
in each species using gene ontology (GO). To this end,
GO:TermFinder [20] is used, which computes empirical
enrichment p-values and corrects values for multiple testing using the false discovery rate procedure. Similar to
NetworkBLAST-M [5], to measure the specificity of the
results in terms of biological process in GO, the percent of
process coherent clusters in each species is computed. The
number of clusters with p-value below 0.05 is used as the
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sensitivity metric. Other known functional annotations, such
as the pathways/complexes in KEGG [7], may also be used
as multiple-validation.
After the fourth step, local alignment in each species can
be iteratively applied to improve the score of a cluster if
necessary. If an identified cluster has a score less than a
threshold, our HopeMap algorithm can use GO biological
process terms covered in each cluster as the indicator to keep
or remove the cluster. We can use the intersection over union
(I/U) number of GO biological process terms covered in each
cluster as an indicator to keep or remove the cluster. If the
value of I/U is zero, we can remove the cluster, otherwise, we
will keep it. Only two iterations are needed for this process
to convergence.
Our major algorithm (Step 3) is based on connected
components, and it is well known that the computational
cost of a connected components algorithm is linear with the
number of nodes and edges in the alignment graph. All other
steps have only linear costs with input size. To the best of our
knowledge, this is the fastest algorithm to identify maximal
conserved patterns in an alignment graph.

5. Results
We download the PPI interaction data from DIP [17] and
the Stanford Network Database (SNDB) [18]. We ran pairwise alignments of yeast (sce) and fly (dme) DIP networks,
Escherichia coli K12 (eco) and Salmonella typhimurium LT2
(stm) SNDB networks, E. coli (eco) and Caulobacter crescentus (ccr) SNDB networks. We ran a three-way alignment
of the yeast (sce), fly (dme) and worm (cel) DIP networks.
We ran a four-way alignment of the eco, stm, ccr, vch SNDB
networks; a six-way alignment of the eco, stm, ccr, vch, sco,
mtu SNDB networks; and also ran a 10-way alignment of
the cje, hpy, syn, ccr, eco, mtu, sco, spn, stm, vch SNDB
networks. We used both KO groups and GO terms [12]
for our alignment comparison metrics. Table 2 provides a
summary of all PPI networks analyzed in this paper. The
edges in the PPI network all represent interactions that have
a probability greater than 0.25. This is the same criteria used
for the data in NetworkBLAST-M [5].
The comparison of KO groups against other tools are
provided in Table 3 and 4. In Table 3, we provide specificity
comparison with different global alignment tools in terms of
KO groups (comparisons to other local alignment tools are
also available in Graemlin 2.0 [4]). The metrics of specificity
and sensitivity in terms of KO groups are introduced by
Flannick et al. [4] In short, an equivalent class is defined
as correct if all protein memebers in it are in the same KO
group. In Table 3, the fraction of equivalence classes that
were correct is showed as Ceq while the fraction of nodes
that were in correct equivalence classes is Cnode in the table.
In Table 4, Cor standards for the total number of nodes in
correct equivalence classes, and Tot is the total number of
equivalence classes with k species, where k is the number
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Table 2
T HE PPI

Species (tax id, short name)
S.coelicolor (100226,sco)
E.coli K12 (83333, eco)
S.typhimurium (99287,stm)
C.crescentus (190650,ccr)
M.tuberculosis (83332,mtu)
V.cholerae (243277,vch)
S.pneumoniae (170187,spn)
C.jejuni (192222,cje)
H.pylori (85962,hpy)
Synechocystis sp. (1148,syn)
S.cerevisiae (4932, sce)
C.elegans (6239, cel)
D.melanogaster (7227, dme)

NETWORKS ANALYZED IN THIS PAPER .

# proteins
6726
4121
4239
3365
3499
2983
1849
1442
1081
2371
4738
3029
7165

# interactions
230467
216426
94609
40524
129184
36087
25733
22117
12961
69439
15417
3393
23484

of networks in the alignment. Results other than those from
HopeMap-M are from original publication of Graemlin 2.0
table [4] where Gr2.0 is Graemlin 2.0, ISO is Isorank, GrG
is another version of Graemlin introduced in Graemlin 2.0.
Since HopeMap-M uses KO groups for homologue clustering, the results have higher specificity and sensitivity than
other tools in terms of KO groups. Notice that for 6-way
alignment, Graemlin has much larger number of classes
and nodes than HopeMap-M, which may be produced by
progressive alignment of all possible combinations. One
observation is that all these measure and calculation of
enrichment are imperfect measures of specificity and sensitivity, but they work as rough guides to validate that an
aligner is not sacrificing specificity to increase sensitivity or
vice-versa [4].
In the table 5, we provide alignment comparison of
yeast/fly/worm for NetworkBLAST [1], NetworkBLASTM [5], and HopeMap-M. The results of NetworkBLAST
and NetworkBLAST-M are from original publication of
NetworkBLAST-M [5]. Notice that the specificity of C.
Elegans is smaller than others in all methods. One reason
may be that the PPI network data is incomplete for this
species. Only about 3393 protein interactions are recorded in
DIP for the 3029 proteins of C.Elegans (worm). There were
three clusters in which genes are not annotated by GO, yet.
For adding edges in the alignment graph, HopeMap-M uses
the following rule: for any node pair, node A (y1 ,f1 ,w1 ) and
node B (y2 ,f2 ,w2 ), an edge between them is added when
at least two pairs from three species are directly interacting
and another pair has distance at most two in its original
PPI networks. NetworkBLAST and NetworkBLAST-M used
different techniques to add edges in the alignment graph.
Table 5 shows that in term of specificity in GO, HopeMapM is comparable to NetworkBLAST and NetworkBLAST-M
(which has higher specificity and sensitivity than Graemlin

# ints per protein
28.26
51.02
20.90
10.86
32.37
9.41
12.29
13.58
8.22
21.93
3.19
1.50
3.09

Source
SNDB [18]
SNDB
SNDB
SNDB
SNDB
SNDB
SNDB
SNDB
SNDB
SNDB
DIP [17]
DIP
DIP

2.0 [5]). HopeMap-M keeps 100% specificity in KO groups
and is faster than NetworkBLAST and NetworkBLAST-M.
In Table 6, we provide the results of a 10-way (cje, hpy,
syn, ccr, eco, mtu, sco, spn, stm, vch) alignment. In the
global alignment networks used for this experiment, an edge
was added if there were six or more direct interactions
among all 10 pairs of proteins in two nodes. From Table
6, we can see that for 10 species alignment, HopeMap-M
has higher specificity in both GO and KO than Graemlin
2.0 and NetworkBLAST-M; Also, HopeMap-M has higher
sensitivity than Graemlin 2.0 and comparable sensitivity as
NetworkBLAST-M.
All results for Table 7, were obtained on Intel core
CPU 2.GHz, 2G RAM, Windows 32-bit machine using
Matlab R2007a. Generating random samples and computing empirical P -value take most of computational time.
All the running times includes generating clusters for all
the species. HopeMap-M is faster than NetworkBLAST-M,
which claimed to be fast than existing multiple alignment
tools [5], at the same time has higher specificity in both KO
and GO than NetworkBLAST-M and Graemlin and similar
sensitivity.

6. Conclusion
In order to align efficiently multiple species through
genome similarity, interactome conservations and functional
coherence, we developed a new alignment tool to improve
the speed, accuracy and generality of multiple network
alignment algorithms. The speed of our alignment tool
HopeMap has linear complexity with respect to the nodes
and edges in the alignment graph. Our results show that
HopeMap-M has comparable (often higher) specificity and
sensitivity as the existing best multiple network alignment
tools NetworkBLAST and NetworkBLAST-M with regards
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Table 3
S PECIFICITY COMPARISON IN TERMS OF KO GROUPS

Tools

eco/stm
Ceq Cnode

eco/ccr
Ceq Cnode

3-way
Ceq Cnode

6-way
Ceq Cnode

GrG

0.86

0.86

0.72

0.72

0.71

0.71

0.8

0.81

ISO

0.91

0.91

0.65

0.65

Gr2.0

0.96

0.96

0.78

0.78

0.76

0.76

0.87

0.87

HopeMap-M

1.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

10-way
Ceq Cnode

1.00

1.00

Results other than the HopeMap-M results are from original publication of Graemlin 2.0 table [4].
Table 4
S ENSITIVITY

COMPARISON IN TERMS OF

eco/stm
T ot

eco/ccr

Tools

Cor

Cor

GrG

1496

720

ISO

2026

1014

Gr2.0

2024

HopeMap-M

2159

T ot

1061

6-way

T ot

713

Cor

10-way

T ot

Cor

T ot

407

202

237

2388

827
1365

GROUPS

3-way
Cor
564

1012
3151

KO

3578
2160

399

Results other than the HopeMap-M results are from original publication of Graemlin 2.0 table [4].
Table 5
A COMPARISON Y EAST /F LY /W ORM
Specificity %

NETWORK ALIGNMENT

# GO categories

Total conserved

Species

GO

KO

enriched

regions

S. cerevisiae

100

N/A

14

59

C. elegans

88

N/A

13

59

D. melanogaster

94.9

N/A

16

59

S. cerevisiae

100

N/A

29

64

NetBlast-M

C. elegans

68.8

N/A

32

64

(restricted)

D. melanogaster

98.4

N/A

37

64

S. cerevisiae

94.6

N/A

45

92

NetBlast-M

C. elegans

67

N/A

29

92

(relaxed order)

D. melanogaster

90.1

N/A

41

92

S. cerevisiae

100

15

18

100

C. elegans

80

5

18

100

D. melanogaster

88.89

14

18

100

Tool
NetworkBLAST

HopeMap-M

Results other than the HopeMap-M results are from original publication of NetworkBLAST-M table [5].

to GO terms. HopeMap-M also keeps higher specificity and
sensitivity in KO groups than other tools at the same time.
Our algorithm is very general and parameter-free. Our
scoring system is an open and general system. When there
are more functional annotations available, they can be incorporated into our alignment easily. Currently PPI networks
are modeled as undirectional graphs. HopeMap-M can be
applied to directed graphs as well since it is based on

connected components algorithm. HopeMap-M works better
when the protein interaction data is more complete. The
approach can be generalized for other networks such as
social networks and communication networks.
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Table 6
A

COMPARISON FOR

10- WAY NETWORK

ALIGNMENT

Average

Average #

Average total

Average

Specificity %

categories

# GO conserved

# unique

Tool

GO

KO

enriched

regions

genes

NetworkBLAST-M

92.43

N/A

15

33

178

Graemlin 2.0

75.27

N/A

9

21

81

HopeMap-M

95.67

100.00

13

21

136

Table 7
T HE H OPE M AP -M

RUN - TIME RESULTS FOR MULTIPLE ALIGNMENT

run time (sec)

run time (sec)

# Nodes in

without

with 1000

# Species

# Proteins

# PPI edges

alignment graph

random sample

random samples

2

8360

311035

3151

35.21

546.25

4

14708

387646

859

22.75

101.25

6

17231

422724

399

4.56

66.48

10

31676

877547

237

3.59

187.58
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Abstract - The activities and function of proteins can
potentially be determined by protein sequence motifs.
Therefore, obtaining the universally conserved and crossed
protein family boundaries protein sequence motifs is crucial.
In this study, a fuzzy C-means and an improved K-means
clustering algorithm are applied to granulize the entire dataset
and analyze each granular respectively. In addition, a modified
bi-clustering algorithm is employed to improve clusters’
quality. This is the first time bi-clustering algorithm is
implemented for clusters extraction proposes. By comparing
with the traditional shrink method, the modified bi-clustering
algorithm generates more clusters with secondary structure
similarity greater than 60% at the same data filtering
percentage. Moreover, bi-clustering algorithm is shown to
have the ability to select meaningful amino acids that
biologists are interested at.
Keywords: Bi-Clustering, Protein Sequence Motifs, FGK

1. Introduction
Proteins are involved in every body functions including
nutrient transportation, muscle building, metabolism
regulation, etc. Thus, proteins are essential for human health.
Understanding the functions and structures of proteins
encourages cellular processes discovery. Gaining more
knowledge on the cellular processes allows medicines that
concentrate on particular metabolic pathways to be created and
invented more easily. In a group of related proteins, there exist
some conserved sequence patterns either functionally or
structurally similar. Such conserved sequence patterns are
denoted as sequence motifs. These motifs can serve as a
predicting agent for functional or structural portion of other
proteins, which include, but not limited to, prosthetic
attachment sites, enzyme-binding sites, DNA /RNA binding
sites, etc. Protein sequence motifs can be applied to discover
protein functions since the motifs are protein family signatures.
Even though the discovery of new motifs is at an
approximately linear rate, the modification and generalization
of known motifs are the major trends in the literature.
While the amount of identified gene products and the
sequenced DNA experience exponential growth, all proteins’
sequence-based classification face a major issue. One of the
most efficient ways to tackle the issue is to define signatures of

protein families. The signatures can be derived as complex
descriptors, or simple consensus patterns, such as blocks or
profiles [1]. Since database searches with motifs are usually
more efficient than profile searches and more amenable to
informational analysis, protein or domain databases often
apply motifs as the signatures for protein families. Some
popular motifs databases include PROSITE [2], BLOACK [3],
PRINTS [4], SBASE [5], and PFAM [6].
Protein sequence motif discovery tools such as MEME [7],
Gibbs Sampling [8], Block Maker [9], MITRA [10] and Profile
Branching [11] are widely used by the bioinformatics
communities. These applications, however, suffer a common
issue of limiting the size of input dataset. Therefore, little
information that crosses family boundaries can be discovered
by these tools.
Because input dataset size is limited in most applications,
researchers have developed different clustering algorithms to
overcome the limitation. Clustering is one of the most popular
data mining techniques and has been studied extensively,
especially for the special case of categorical or Boolean data
[12]. K-means clustering algorithm has been used by Han and
Baker [13] to find recurring PROTEIN SEQUENCE MOTIF
due to its high efficiency of the algorithm. Chen et al. [14]
further took advantage of the algorithm’s efficiency by
dividing the entire data space into several smaller subsets. On
the other hand, Cheng and Church [15] proposed bi-clustering
of gene expression, with promising results, by using a mean
squared residue (MSR) score for measuring cluster quality. In
this paper, a modified version of the bi-clustering approach is
adopted alongside with K-means clustering for extracting
PROTEIN SEQUENCE MOTIF. A pipeline with three main
components is therefore constructed: (1) a Data Sub-Setter, (2)
a K-means Clustering Engine, and (3) a Bi-Clustering Engine.
A dataset is separated into subsets and K-means clustered
based on the technique of Chen et al. The Bi-Clustering engine
is used to further improve the cluster quality. In addition, it is
the first time bi-clustering algorithm is used for extraction
proposes on clusters.

2. Methodology
In this study, different data mining algorithms are adopted
and modified in order to achieve the best result and in the most
efficient manner for protein sequence motif extraction.
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2.1 Fuzzy-Greedy-Kmeans (FGK) Model
Granular computing represents information in the form of
aggregates, also called ‘information granules’ [17, 18]. For a
huge and complicated problem, it uses the divide-and-conquer
concept to split the original task into several smaller subtasks to
save time and space complexity. Also, in the process of
splitting the original task, it comprehends the problem without
introducing meaningless information.
As contrast with
traditional data-oriented numeric computing, granular
computing is knowledge-oriented [18].
A
granular
computing
based
model
called
Fuzzy-Greedy-Kmeans Model” (FGK Model) was proposed in
our previous work [16]. This model works by using FCM to
building a set of information granules and then applying our
Greedy K-means clustering algorithm to obtain the final
information. The new greedy method collects five traditional
K-means results and then selects the initial centroids based on
those results. Due to the fact that the centroids in higher quality
clusters have the potential to generate better clusters in the
sixth round, we divided the procedure of selection initial
centroid into five steps: initially gathering centroid seeds
belonging to clusters with structural similarity greater than
80% and then proceeding with 75%, 70%, 65% and 60%.
Major advantages of the FGK Model are reduced time- and
space- complexity, filtered outliers, and higher quality granular
information results.

2.2 Bi-clustering Algorithm by Cheng and
Church

Bi-clustering was proposed by Cheng and Church [15] to
discover low MSR scores sub-matrices in expression data.
With this algorithm, both rows and columns will be able to
cluster simultaneously. A set of heuristic algorithms are used
based on node deletion and addition to discover bi-clusters.
Discovered biclusters are masked with random values so as to
find high quality biclusters in the next iteration. A user defined
threshold value is set to terminate the algorithm. Figure 1
shows the sketch of this algorithm.

2.3

FGK-Biclustering Model
Sequence Motif Extraction

for

Protein

In this paper, a new granule computing model named
FGK-Biclustering Model is proposed to obtain and extract
protein sequence motif information. A set of information
granules is built using the Fuzzy C-means Model (FCM). In
turn, the protein sequence motif information is obtained using
the FGK Model. The clusters are then undergoing further
quality improvement through modified bi-clustering algorithm.
For each cluster generated by Greedy K-means clustering
algorithm, we perform our modified bi-clustering algorithm
(The row and column addition processed is de-activated to
speed up the cluster extraction process. Figure 2 shows the
sketch of this modified algorithm) to obtain one single cluster.
The basic rational behind the extraction through biclustering is
that applying biclustering in each cluster to generate one single
cluster can filter out user-defined number of members that are
less similar to the cluster. Since Bi-Clustering considers both
rows and columns during the clustering process, protein
sequence motifs information generated will be more precise in
terms of motif information, protein secondary structure
similarity and noticeable amino acids. (Details are described in
the result section). Figure 3 shows the sketch of the model.

Figure2. Sketch of the modified Bi-Clustering algorithm
Figure 1. Sketch of the original Bi-Clustering algorithm

In order to compare the results, one component of the model
is modified by shrinking the cluster size instead of using the
bi-clustering method. With this shrinking approach, a user
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defined distance threshold is used to determine the number of
segments being eliminated. A data point will be filtered if the
distance between the center of the cluster and a member is
larger than the distance threshold. Since not all clusters remove
the same amount of members, this becomes the significant
advantage of this approach. If the cluster is compact to begin
with, fewer members will be eliminated and vice verse.
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secondary structure information from DSSP are included. 20
amino acids are described by twenty rows while nine columns
represent each position of the sliding window. Based on the
frequency profiles (HSSP) representation for sequence
segments, every position of the matrix corresponds to the
frequency of a specified amino acid residue in a sequence
position of the multiple sequence alignment. Originally, DSSP
allocates the secondary structure to eight different classes.
However, in this study, those eight classes are converted into
three classes based on the following conversion model:
assigning H, G, and I to H (Helices), assigning B and E to E
(Sheets), and assigning all others to C (Coils).

3.3 Distance Measure
Since the city block metric considers every position of the
frequency profile equally, the city block metric is more suitable
for this study [20]. Therefore the following formulation is
adopted to obtain the distance between two sequence segments
[20].
L

Dissimilarity=

N

∑∑ F (i, j ) − F (i, j )
k

c

(1)

i =1 j =1

Where L is the window size and N is 20 which represent 20
different amino acids. Fk(i,j) is the value of the matrix at row i
and column j used to represent the sequence segment. Fc(i,j) is
the value of the matrix at row i and column j used to represent
the centroid of a give sequence cluster. The lower dissimilarity
value, the higher similarity two segments have.
Figure3. Sketch of the Fuzzy-Greedy-K-means Model

3. Experimental Setup
3.1 Dataset
In this study, 2710 protein sequences are extracted from the
Protein Sequence Culling Server (PISCES) [19] as the dataset.
In this database, none of the sequence shares more than 25%
sequence identity. With these protein sequences, sliding
windows with nine consecutive residues are obtained. Each
window contains one sequence segment of nine continuous
positions. This sliding window approach generates more than
560,000 segments. According to the alignment of each protein
sequence from the Protein Data Bank (PDB), the frequency
profile from the HSSP [21] is created. In addition, all the
sequences are considered homologous in the sequence
database. Secondary structures are also obtained from DSSP
[22]. DSSP is a database of secondary structure assignments
for all protein entries in the PDB.

3.2 Sequence Segment Representation
The sliding windows with nine consecutive residues are
generated from protein sequences. Each window corresponds
to a sequence segment, which is represented by a nine by
twenty matrix. In addition, the corresponding nine additional

3.4 Structural Similarity Measure
Cluster’s average structure is calculated using the following
formula:
ws

∑ max(

p i , H , p i , E , p i ,C )

(2)
ws
Where ws is the window size and Pi,H shows the frequency of
occurrence of helix among the segments for the cluster in
position i. Pi,E and Pi,C are defined in a similar way. If the
structural homology for a cluster exceeds 70%, the cluster can
be considered structurally identical. If the structural homology
for the cluster exceeds 60% and lower than 70%, the cluster
can be considered weakly structurally homologous [20].
i =1

3.5 Parameter Setup
Previously, [20] cautiously decided the number of clusters to
be 800 according to their experiment and experience. In this
study, 799 clusters are therefore discovered. The fuzzification
factor (m) of 1.05 is proven to be the best for the FCM
clustering. It is because, in this study, the entire dataset
contains more than 540,000 data and each data corresponds to
180 dimensions. With m equals to 1.05, 1.1 and 2, only 1.05
separates the dataset with a satisfactory set of results. In
addition, the number of clusters (n) is set to ten due to the
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physical limitation of computers. When n is set to 15, the
fuzzifier value requires to be reduced further in order to obtain
an identifiable membership value. With the fuzzifier value set
to 1.05, it shows that every number needs a power of twenty
operations. Overflow occurs if the value of m is further
reduced. The membership threshold is set to 13% in order to
separate information granules from the FCM results. In
addition, 15% outliers from the dataset are filtered. The rest of
the data are assigned to one or more clusters. Since the entire
dataset is divided into ten smaller information granules, 10% is
the lowest threshold. Between 11% and 15%, 13% is
determined to be the optimal value. At the end, each data
segment assigns to an average of 1.6 clusters. The following
formulation helps deciding the number of clusters in each
information granule.

Ck =

nk

∑

m

× total _ number _ of _ cluster

(3)

n

i =1 i

4. Experimental Results
4.1 Quality Comparison
In order to compare with the FGK-Biclustering and the
FGK-Shrink approach, table 2 and 3 are generated. The tables
illustrate the number of clusters that contain secondary
structure similarity larger than 60% and 70%. The first column
represents the percentage of the original data remaining in each
cluster. The middle and the last column show the number of
clusters generated by FGK-Biclustering and FGK-Shrink
approach respectively.
To the best of our knowledge, this is the first time that
Bi-clustering Algorithm is applied to improve clusters quality.
Therefore, the shrink approach, a traditional clustering
improvement method, is employed for quality comparison.
Table 2. Number of clusters comparison with secondary
structural similarity > 60%
Cluster Remaining (%)

In equation (3), ck represents the number of clusters allocated
to information granule k. nk denotes the number of members
belonging to information granule k. m represents the number of
clusters in the FCM. Table 1 reviews the results from the FCM.
The goal of reduced space-complexity is therefore achieved by
dealing with one information granule at a time.
Table1. Summary of results obtained by the FCM
Number of
Members
136112
68792
86094
65361
63159
120130
128874
4583
43254
5032
721390

Granule 0
Granule 1
Granule 2
Granule 3
Granule 4
Granule 5
Granule 6
Granule 7
Granule 8*
Granule 9
Total
Original
562745
Dataset
*This granule is the focus of this paper.

Number of
Clusters
151
76
95
72
70
133
143
5
48
6
799

Data size (MB)

800

413

100
90
85
80
75
70
65

3.6 Cluster size of the FGK-Biclustering Model
setup
Originally, the bi-clustering algorithm used by Cheng and
Church generates the MSR without the ability of controlling
the final data size. In this study, cluster size is being controlled
to: 90%, 85%, 80%, 75%, 70%, and 65% of the original size of
the cluster. 90% indicates we keep 90% of the original number
of members in each cluster; in other words, we removed 10%
members off the cluster to extract the cluster quality. Other
percentage thresholds share the same trend.

FGK-Shrink
(# of clusters)
12
15
15
14
15
17
18

Table 3. Number of clusters comparison with secondary
structural similarity > 70%
Cluster Remaining (%)

99.9
50.5
63.2
47.9
46.3
88.2
94.6
3.3
31.7
3.7
529

FGK-Biclustering
(# of clusters)
12
16
16
15
17
17
18

100
90
85
80
75
70
65

FGK-Biclustering
(# of clusters)
0
0
0
0
1
2
2

FGK-Shrink
(# of clusters)
0
0
0
0
1
1
1

In table 2, the FGK-Biclustering Model generates more
clusters with secondary structure similarity greater than 60%
than the shrink approach does. In the shrink method, the
optimal filtering percentage is 30%. Since the target motif
information transcends protein family boundaries, the
generated motif information will fall into some specific protein
family if too many segments are filtered. The 30% filtering
percentage is chosen because it meets the criteria of filtering
part of the data and is able to obtain higher structural similarity
results.
On the other hand, the FGK-Biclustering Model obtains 17
clusters by only removing 25% of data from the original
cluster. It proves that the FGK-Biclustering Model not only
successfully improves clusters’ quality, but also preserves
more original data.

4.2 Sequence Motifs Representation
Figures 4-5 illustrates the first two clusters discovered by the
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FGK-Biclustering method. Instead of using the traditional
representation [20], the amino acid logo is used to describe the
motifs. The logo is applied because most biologists use this
format to represent amino acids. In addition, the format
interprets the frequency of each amino acid clearly. In this
study, the logo only displays amino acids with appearing
frequency greater than 8%, which is the value used in [14, 16,
20].

Table 6. Full and partial superset of PROTEIN
MOTIF on cluster 1
Position SAA
ξ
AEGK
VLIFYGAT
1
GAD
VLIMFYGASTD
2
KDE
VLYGAPSTRKEND
3
EDK
GAPSTRKQEND
4
VIL
VLIYGAPSTRKEND
5
TV
VLIFYGAPSTRKEND
6
VIL
VLIFYGAPSTRKEND
7
TES
G
8
VLI
VLIFYGAPSTRKEND
9
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SEQUENCE
SAA ξ
Partial
Full
Full
Full
Full
Full
Full
-Full

5. CONCLUSION AND FUTURE WORK
Figure 4. Cluster 0 with amino acid logo representation.

Figure 5. Cluster 1 with amino acid logo representation.

4.3

Column Removal of the FGK-Biclustering
Model Interpretation

The FGK-Biclustering Model is chosen to improve the
cluster quality because it removes the columns of the data
matrix in addition to eliminating the rows. The corresponding
amino acid sequence columns that are purged by the
FGK-Biclustering Model (ξ) are shown to be either the full or
the partial superset of the significant amino acids (SAA):
amino acids with appearing frequency greater than 8%. Table 5
and 6 illustrate the SAA and ξ relationship for the entire nine
positions of the cluster 0 and 1. Thus, bi-clustering is proven to
have the potential to select meaningful amino acids that
biologists are interested at.
Table 5. Full and partial superset of PROTEIN SEQUENCE
MOTIF on cluster 0
Position SAA
ξ
SAA ξ
LIV
VLIMFYATR
Full
1
EALR
VLIMFYA
Partial
2
EKADR GAPSRKQEND
Full
3
EAKR
GASRKQEND
Full
4
IVL
VLIMFYA
Full
5
AEKR
VLIFYAPTRKE
Full
6
EAKRD LGAPSRKEND
Full
7
L
LGAPSTRKEND
Full
8
LVI
VLFYGAPSTRKEND
Partial
9

FGK-Biclustering Model, a novel granular computing
method, which includes Fuzzy C-means clustering, the
improved K-means clustering algorithm and modified
Bi-clustering algorithm to tackle high computational cost
problems, is used for protein sequence motif information
discovery in this study. The fuzzy clustering method is applied
to separate the entire dataset into information granules. The
K-means clustering technique, which utilizes advanced
methods to initialize centroids, is used to analyze each
granular. Furthermore, the modified Bi-clustering algorithm is
implemented to improve cluster quality. The results show that
the FGK-Biclustering Model is capable of preserving more
original data points and obtaining better cluster quality. The
corresponding amino acid sequence columns that are purged by
the FGK-Biclustering Model are also proven to be either the
full or the partial superset of the significant amino acids.
Bi-clustering algorithm is believed to be applied for clusters
extraction proposes for the first time.

6.

REFERENCES

[1] Bork P, Gibson TJ: Applying motif and profile searches.
Methods Enzymo/1996, 266:162-184.
[2] Bairoch A, 8ucher P, Hofmann K: PROSITE: new
developments.Nucleic Acids Res 1996, 24:189-196.
[3] Pietrokovski S, Henikoff JG, Henikoff S: The BLOCKS
database - a system for protein classification. Nucleic
Acids Res 1996,24:19?-200.
[4] Attwood TK, Beck ME, Bleasby A J, Degtyarenko K,
Smityh DJP: Progress with the PRINTS protein fingerprint
database. Nucleic Acids Res 1996, 24:182-183.
[5] Murval J, Gabrielian A, Fabian P, Hatsagi Z, Degtyarenko
K, Hegyi H, Pongor S: The SBASE protein domain
library, release 4.0: a collection of annotated protein
sequence sgments. Nucleic Acids Res 1996, 24:210-213.

190

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

[6] Bateman, A. et al. The Pfam protein families database.
Nucleic Acids Res. 28, 263±266 (2000).
[7] Bailey TL, Boden M, Buske FA, Frith M, Grant CE,
Clementi L, Ren J, Li WW and Noble WS: MEME
SUITE: Tools for motif discovery and searching. Nucleic
Acids Research 2009 http://dx.doi.org/10.1093/nar/gkp335.
[8] Bhattacharya, S. (2009). Gibbs Sampling Based Bayesian
Analysis of Mixtures with Unknown Number of
Components. Sankhya. Series B. To appear.
[9] Lawrence, C. E., Altschul, S. F., Boguski, M. S., Liu, J. S.,
Neuwald, A. F. & Wootton, J. C. (1993). Detecting subtle
sequence signals: a Gibbs sampling strategy for multiple
alignment. Science, 62, 208-214.
[10] Eskin E, Pevzner P. Finding composite regulatory patterns
in DNA sequences. Bioinformatics (2002) 18:S354–S363.
[11] Price, A., Ramabhadran, S. and Pevzner, P. A. (2003),
‘Finding subtle motifs by branching from sample strings’,
Bioinformatics, Vol. 19, Suppl. 2, pp. II149–II155.
[12] PENSA, R.G., ROBARDET, C., AND BOULICAUT, J.F.
2005. A bi-clustering framework for categorical data. In
Proceedings of the 9th European Conference on Principles
and Practice of Knowledge Discovery in Databases
(PKDD) (Porto, Portugal). 643–650.
[13] K. F. Han and D. Baker, “Recurring local sequence motifs
in proteins,” J. Mol. Biol., vol. 251, no. 1, pp. 176–187,
1995.
[14] Chen, B., Tai, P.C., Harrison, R. and Pan, Y., “FIK model:
A Novel Efficient Granular Computing Model for Protein
Sequence Motifs and Structure Information Discovery”.
IEEE BIBE 2006 proceeding, 2006: p. 20-26
[15] Cheng, Y. & Church, G. M. Biclustering of expression
data. ISMB 8, 93-103 (2000).
[16] Chen, B., Tai, P.C., Harrison, R. and Pan, Y., “FGK
model:
A
Efficient
Granular
Computing
Model for Protein Sequence Motifs Information
Discovery”, IASTED CASB 2006, Dallas, proceeding
pp56-61.
[17] Lin, T.Y. ‘Data mining and machine oriented modeling: a
granular computing approach’, Journal of Applied
Intelligence, Kluwer, Vol. 13, No. 2, pp.113–124, 2002.
[18] Yao, Y.Y. ‘On modeling data mining with granular
computing’, Proceedings of COMPSAC 2001, pp.638–643,
2001.
[19] Wang, G. & Dunbrack, R. L. (2003) PISCES: a protein
sequence culling server in Bioinformatics pp. 1589-1591,
Oxford Univ Press.

[20] Zhong, W., Altun, G., Harrison, R., Tai, P. C. & Pan, Y.
(2005) Improved K-means clustering algorithm for
exploring local protein sequence motifs representing
common structural property, NanoBioscience, IEEE
Transactions on. 4, 255-265.
[21] C. Sander and R. Schneider, “Database of similarity
derived protein structures and the structure meaning of
sequence alignment,” Proteins: Struct. Funct. Genet,
vol-9: no1, pp 56- 68, 1991.
[22] W. Kabsch and C. Sander, “Dictionary of protein
secondary
structure:
Pattern
recognition
of
hydrogen-bonded
and
geometrical
features,”
Biopolymers, vol. 22, pp. 2577–2637, 1983.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

191

A Bayesian Phylogenetic Analysis of an Early
Avian-Line Radiation
Jack K. Horner
P.O. Box 266
Los Alamos NM 87544 USA

Abstract
It is generally accepted that modern birds descended from reptiles: in popular parlance, "The dinosaurs
didn't die out; they merely took to the air". Based on the fossil record, by the Late Triassic (~180-195
million years before present (MABP)) reptiles with feathers and distinctly bird-like skeletons had appeared.
It is much less clear when the delineation of avian characteristics first arose. Attempts to push the
avian/reptilian boundary earlier than the Late Triassic challenge today's phylogenetic methods. Based on
the maximum parsimony (MP) method, it has been argued that all else being the same, the inference that
there was a radiation within the archosaurs of avian-line (Ornithodira), contemporaneous with
crocodilian-line (Pseudosuchia), forms requires the recent discovery of an archosaur, Asilisaurus kongwe,
from the Middle Triassic (~195-210 MABP). Here I show that Bayesian phylogenetic analysis implies
essentially the same phylogeny is obtained regardless of whether A. kongwe is incorporated into the
phylogenetic data set of interest. The claim that the discovery of A. kongwe is required to support
inference of avian-line radiation in the Middle Triassic thus appears to be an artifact of the MP method.
Keywords: maximum parsimony, Bayesian phylogenetic, avian, dinosaurs

1.0 Introduction
It is generally accepted that modern birds
descended from reptiles: in popular parlance,
"The dinosaurs didn't die out; they merely took
to the air". Based on the fossil record, by the
Late Triassic (~180-195 million years before
present (MABP)) reptiles with feathers and
distinctly bird-like skeletons had appeared ([7]).
It is much less clear when the first delineation of
avian characteristics arose. Attempts to push the
avian/reptilian boundary earlier than the Late
Triassic challenge today's phylogenetic methods
([5],[6]).
Based on the maximum parsimony (MP; [5],
Chaps. 1-7) method, it has been argued ([1],[2])
that, all other suffering being the same, the
warrant

(W) Infer that there was a radiation, within
the archosaurs of the Middle Triassic,
of avian-line (Ornithodira),
contemporaneous with crocodilian-line
(Pseudosuchia), forms.
requires ([1], p. 95) a Middle Triassic (~195210 MABP) archosaur, Asilisaurus kongwe.

Figure 1 shows an MP-generated phylogenetic
tree reported in [1] and [2] that shows that the
inclusion of A. kongwe supports the inferential
warrant (W).
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________________________________________________________________________

Figure 1. A strict consensus phylogenetic tree reported in [2], showing the relation of the
Silesauridae and the Pseudosuchia when A. kongwe is included in the data set. The tree was
produced by PAUP/MP ([4]), using the heuristic search option using tree bisection and reconnection
(TBR) with 10,000 random addition sequence replicates. Zero length branches were collapsed if they
lacked support under any of the most parsimonious reconstructions. All characters were equally
weighted, and the following characters were ordered: 21, 78, 89, 98, 116, 142, 159, 169, 175, 177, 195,
200, 227, 250, 281. The tree statistics are TL = 745; CI = 0.472; RI =0.705. Erythrosuchus africanus
was constrained as the outgroup. Taxon names are shortened to genus names. Full taxon descriptions
can be found in [2], pp. 5-35.
______________________________________________________________________________________

Although the tree shown in Figure 1 in some
sense supports (W), we can meaningfully
question the assertion that the discovery of A.
kongwe is necessary for (W). Note that this
question does not challenge the claim that there
was a Middle Triassic avian radiation, but only
whether A. kongwe is required to establish a
Middle Triassic avian line radiation.

2.0 Method
The script shown in Figure 2 was executed under
a Bayesian phylogenetic ([5], Chap. 18) software
package (MrBayes, [3]) using the taxon
descriptors in [2] (pp. 5-35) including, and
excluding, A. kongwe. The software was run on
a Dell Inspiron 545 with an Intel Core2 Quad
CPU Q8200 clocked at 2.33 GHz, with 8.00 GB
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RAM, under Windows Vista Home

Premium/SP2.

_______________________________________________________________________
begin data;
dimensions ntax=35 nchar=290;
format datatype=Standard missing=?;
matrix
[data matrix adapted from [2] goes here, not shown]
;
end;
begin mrbayes;
log start filename=ornithodira_log.log replace;
set autoclose=yes;
ctype ordered:21 78 89 98 116 142 159 169 175 177
195 200 227 250 281;
outgroup Erythrosuchus_africanus;
mcmcp nruns=2 ngen=100000 printfreq=100
samplefreq=100 nchains=4 savebrlens=yes
filename=ornithodira_mcmc;
mcmc;
plot filename=ornithodira.run1.p;
plot filename=ornithodira.run2.p;
sumt filename=ornithodira burnin=100 contype=halfcompat;
log stop;
end;
Figure 2. Template of the MrBayes script [11]) used in this study. The script creates 100000 (ngen)
Markov Chain ([8]) generations, (Monte Carlo, [9]) sampling every 100 (samplefreq) generations.
The first 100 (burnin) samples are discarded. Partial tree consensus (contype) is allowed. For
definitions of other parameters used in this script, see [3].

_____________________________________________________________
3.0 Results
Figures 3 and 4 are the trees output by the script
shown in Figure 2, with, and without, the taxon
descriptor of A. kongwe in the dataset. The time
to produce each of these trees on the platform

described in Section 2.0 was about 3 minutes.
Based on the system monitor, two of the four
cores on the system performed 99% of the
computational work.

________________________________________________________________________
/--- Erythrosuchus_africanus (1)
|
|- Euparkeria_capensis (2)
|
|
/-- Revueltosaurus_callenderi (3)
|
/---+
|
|
\--- Aetosaurus_ferratus (4)
|
|
|
|
/-- Arizonasaurus_babbitti (5)
+
/-+
/-+
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|
| |
| \-------------- Effigia_okeeffeae (6)
|
| |
|
|
| \----+
/- Batrachotomus_kuperferzellensis (7)
|
|
|
|
|
|
\----+
/- Postosuchus_kirkpatricki (8)
|
|
\----+
|
|
\----- Dromicosuchus_grallator (9)
\---+
|
/- Eudimorphodon_ranzii (10)
|
/-----+
|
|
\ Dimorphodon_macronyx (11)
|
|
|
|
/- Lagerpeton_chanarensis (12)
|
|
|
|
|/---+ /-- Dromomeron_gregorii (13)
\---+|
\--+
||
\- Dromomeron_romeri (14)
||
||
/ Marasuchus_lilloensis (15)
||
|
||
|
/- Asilisaurus_kongwe (16)
\+
|
|
|
|
/-+ /--- Eucoelophysis_baldwini (17)
|
|
| | |
|
|
| \-+/-- Sacisaurus_agudoensis (18)
|
|
|
\+
|
|
|
\- Silesaurus_opolensis (22)
\---+
/-+
|
| |/ Lewisuchus_admixtus (19)
|
| |+
|
| |\ Lewisuchus_Pseudolagosuchus (21)
|
| |
|
| \ Pseudolagosuchus_major (20)
|
|
|
|
/- Pisanosaurus_mertii (23)
\---+
|
|
/---+ /--- Heterodontosaurus_tucki (24)
|
|
\-+
|
|
\- Lesothosaurus_diagnosticus (25)
|
|
|
|
/- Herrerasaurus_ischigualastensis (26)
|
|
|
|
| /--+ /--- Eoraptor_lunensis (27)
\-----+ | | |
| | \-+ /- Tawa_hallae (31)
| |
| |
| |
\--+
/-- Coelophysis_bauri (32)
| |
|
|
| |
\---+ /- Dilophosaurus_wetherelli (33)
\--+
| |
|
\-+ /-- Allosaurus_fragilis (34)
|
\--+
|
\----- Velociraptor_mongoliensis (35)
|
|
/- Saturnalia_tupiniquim (28)
|
|
\---+/- Plateosaurus_engelhardti (29)
\+
\ Efraasia_minor (30)

Credible
50
90
95
99

sets of trees (808 trees sampled):
% credible set contains 105 trees
% credible set contains 628 trees
% credible set contains 718 trees
% credible set contains 790 trees

Figure 3. Phylogenetic tree produced by the script shown in Figure 2 with A. kongwe included.
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_____________________________________________________________
/---

Erythrosuchus_africanus (1)
|
|- Euparkeria_capensis (2)
|
|
/-- Revueltosaurus_callenderi (3)
|
/--+
|
| \--- Aetosaurus_ferratus (4)
|
|
|
|
/- Arizonasaurus_babbitti (5)
+
/-+
/-+
|
| |
| \-------------- Effigia_okeeffeae (6)
|
| |
|
|
| \----+
/- Batrachotomus_kuperferzellensis (7)
|
|
|
|
|
|
\---+
/- Postosuchus_kirkpatricki (8)
|
|
\----+
|
|
\---- Dromicosuchus_grallator (9)
|
|
\---+
/- Eudimorphodon_ranzii (10)
| /-----+
| |
\- Dimorphodon_macronyx (11)
| |
| |
/- Lagerpeton_chanarensis (12)
| |
|
| | /---+ /-- Dromomeron_gregorii (13)
| | |
\--+
\--+ |
\- Dromomeron_romeri (14)
| |
| | /- Marasuchus_lilloensis (15)
| | |
| | |
/-- Eucoelophysis_baldwini (16)
| | |
|
\-+ |
/---+/-- Sacisaurus_agudoensis (17)
| |
|
\+
| |
|
\- Silesaurus_opolensis (21)
| |
|
| |
|
/-- Pisanosaurus_mertii (22)
| |
|
|
| |
|
/---+ /--- Heterodontosaurus_tucki (23)
| |
/+
|
\-+
\--+
||
|
\- Lesothosaurus_diagnosticus (24)
|
||
|
|
||
|
/- Herrerasaurus_ischigualastensis (25)
|
||
|
|
|
||
|
/--+ /-- Eoraptor_lunensis (26)
|
|\----+
| | |
|
|
|
| \-+ /- Tawa_hallae (30)
|
|
|
|
| |
|
|
|
|
\--+ /-- Coelophysis_bauri (31)
|
|
|
|
| |
|
|
|
|
\--+ / Dilophosaurus_wetherelli (32)
|
|
\---+
| |
\----+
|
\--+ /- Allosaurus_fragilis (33)
|
|
\--+
|
|
\---- Velociraptor_mongoliensis (34)
|
|
|
| /-- Saturnalia_tupiniquim (27)
|
| |
|
\--+/- Plateosaurus_engelhardti (28)
|
\+
|
\ Efraasia_minor (29)
|
|/ Lewisuchus_admixtus (18)
||
\+ Pseudolagosuchus_major (19)
|
\ Lewisuchus_Pseudolagosuchus (20)
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|------------------| 0.500 expected changes per site

Credible sets of
50 % credible
90 % credible
95 % credible
99 % credible

trees (720 trees sampled):
set contains 94 trees
set contains 540 trees
set contains 630 trees
set contains 702 trees

Figure 4. Phylogenetic tree produced by the script shown in Figure 2 with A. kongwe excluded.

____________________________________________________________
4.0 Discussion
The results in Section 3.0 motivate at least two
observations:
1. Figure 3 reproduces the connectivity,
and essentially the same branch lengths, of the
tree shown in Figure 1. This supports the claim
that the discovery of A. kongwe corroborates the
inferential warrant (W). However, Figure 4
shows the exclusion of A. kongwe from the taxon
descriptors reported in [2] produces, under the
Bayesian method described in Section 2.0,
essentially the same tree as that shown in Figure
3 (the tree layouts superficially appear to be
different, but their connectivities and relative
branch lengths can be seen to be equivalent on
inspection). This implies that A. kongwe is not
required to establish (W): the case for a Middle
Triassic avian radiation carries without A.
kongwe.

2. It is not unusual for different
phylogenetic methods to produce somewhat
different results when applied to the same data
set. Except on data sets containing no more than
a few tens of taxa, today's practical phylogenetic
algorithms must use some approximations and
heuristics in order to execute in tolerable time.
The MP algorithm used in [1] and [2], for
example, restricts its combinatorial tree searches
to a relatively localized region of tree space; the
Bayesian algorithm used in the present study
samples less than the full population of
generations produced. Bayesian methods have
the distinct theoretical advantage, however, that
if the sample selected is large enough, the
Central Limit Theorem ([10], Chap. 7)
guarantees the solution based on the sample will
converge to the population distribution of trees;

heuristic MP cannot be guaranteed to satisfy this
criterion.

5.0 Acknowledgements
This work benefited from discussions with Town
Peterson, Kirsten Jensen, and Kris Krishtalka of
the University of Kansas Biodiversity Institute,
and with Joan Hunt of the University of Kansas
Medical Center. For any problems that remain, I
am solely responsible.

6.0 References
[1] Nesbitt SJ, Sidor CA, Irmis RB, Angielczyk
KD, Smith RMH, and Tsuji LA. Ecologically
distinct dinosaurian sister group shows early
diversification of Ornithodira. Nature 464 (4
March 2010), 95-98.
[2] Supplementary Data for [1].
www.nature.com. doi: 10.1038/nature08718.
[3] Ronquist F and Huelsenbeck JP.
MRBAYES 3: Bayesian phylogenetic inference
under mixed models. Bioinformatics 19 (2003),
1572-1574.
[4] Swofford D. Phylogenetic Analysis Using
Parsimony (PAUP), v4.0b10. Sinauer
Associates. 1998.
[5] Felsenstein J. Inferring Phylogenies.
Sinauer Associates. 2004.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

[6] Horner JK. Sensitivity of the maximum
parsimony algorithm to missing data.
Proceedings of the 2006 International
Symposium on Bioinformatics and
Computational Biology. CSREA Press. 2006.
pp. 399-405.
[7] Chiappe LM and Witmer LM, eds.
Mesozoic Birds: Above the Heads of Dinosaurs.
University of California. 2002.
[8] Gilks WR, Richardson S, and Spiegelhalter
DJ. Markov Chain Monte Carlo in Practice.
Chapman and Hall. 1996.
[9] Liu JS. Monte Carlo Strategies in Scientific
Computing. Springer. 2001.
[10] Chung KL. A Course in Probability
Theory. Third Edition. Academic Press. 2001.
[11] Horner JK. bay_ornithodira, a MrBayes
script for the analysis of [2]. Available from the
author on request.

197

198

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Protein Sequence Motif Information Generated by Fuzzy
- Hybrid Hierarchical K-means Clustering Algorithm
Bernard Chen1, Christopher Rhodes1, Christopher Kline1, and Luke Irvin1
Department of Computer Science, University of Central Arkansas, Conway, Arkansas, USA

1

Abstract - Recurring amino acids sequence patterns are
referred to as protein sequence motifs. The recurring patterns
are so important because the conserved regions have the
potential to reveal the role of the protein itself. In this paper,
we modify the FGK model and apply the Hybrid Hierarchical
K-means (HHK) clustering algorithm, which is a hybrid
combination of Agglomerative Hierarchical Clustering and KMeans Clustering, instead of greedy K-means clustering
algorithm to discover protein sequence motifs that transcend
protein family boundaries. This dual algorithm requires no
user-defined parameters to identify the similarities and
dissimilarities between the protein sequences. After we
analyze the motifs generated from the HHK algorithm, the
results are not only significant in sequence area but also in
secondary structure. We obtained more than 49% of the
clusters share more than 60% secondary structure similarity
and 14% of the clusters share more than 70% secondary
structure similarity. By comparing with the previous work,
which generates only 25% and 0% on 60% and 70% group,
the newly proposed approach gives us a better understanding
of the relationships between a set of sequences. We believe
that the HHK-Means algorithm, along with the change to the
FGK model, will generate better results than those have
previously been shown.

subsets using a Fuzzy C-Means clustering algorithm, which
would then have an improved K-Means algorithm applied to it
[1]. These smaller subsets could be considered “information
granules,” which contain clustered information from the
overall dataset. The analysis of this granular computing
technology found that it could detect some subtle sequence
information that was overlooked by using the K-Means
clustering algorithm alone [1, 6].
In this paper, we propose an even further improvement to
the clustering algorithm used. We adapt a hybrid approach to
the Hierarchical Clustering algorithm and the K-Means
Clustering algorithm. It is with this approach that we try to
leverage some of the shortcomings of both algorithms, while
retaining all of the benefits, such as taking away all human
interaction with the dataset and the clustering by allowing the
K-Means part of the cluster to figure out the initial centroids
on its own. Our goal is to further improve the secondary
structural similarity between all clustered sequences using as
few user-defined parameters as possible. After the analysis,
the information about sequence motifs and their secondary
structure results will be brought back together to compare
with the original dataset. This will allow us to see patterns
and gather information from subsets of the overall data and
then compare these results with the overall data itself.

2
1

Introduction

Proteins play a huge role in our bodies to keep us alive, as
they make up parts of every cell. A protein sequence motif is
a widespread pattern of amino acids that usually have some
sort of biological significance. The occurring patterns may be
able to predict other protein’s functional or structural
requirements [1].
It is these patterns that Biological
Informatics tries to understand better so that prediction of
proteins becomes more feasible.
There have been several past projects such as MEME [2],
Gibbs Sampling [3], and Block Maker [4]. These required
input datasets from the user, but there was a size limit to the
data, which resulted in little information being carried over to
the results about conserved sequence regions [1]. Wei et al
also proposed using an improved version of the K-Means
Clustering algorithm because of its speed [5]. The increased
quality of motifs was helpful, but there was also the problem
of having very large datasets. To fix the issue of having high
computational costs, Chen et al [1] proposed a granule
computing approach of dividing large data into several smaller

2.1

Granular Computing Strategies
Fuzzy-HHK Model

Granular computing represents information in an aggregate
form, which can be referred to as “information granules” [7,
8]. Figure 1 below shows a revised FGK model, but a brief
explanation of the original proposed by Chen et al [1].
Chen’s original FGK model divided the original dataset into
N number of information granules. These granules were then
immediately clustered with a greedy K-Means clustering
algorithm. A sample of his results that used his original
model is show in section four. In our revised version of the
FGK model, we change two sections. Our model takes each
of these information granules and further divides them into M
number of even smaller information granules. The second
revised part is the actual clustering algorithm used. Instead of
a greedy K-Means approach, we are going to use the Hybrid
Hierarchical K-Means Clustering algorithm (explained in the
following subsection) on each of the newly formed
information granules produced as showed in Figure 1. A
sample of our results while using this revised FGK model is
also shown in section four.
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dataset, we applied our Fuzzy-HHK model to information
granule number 8 in [1], which contains 43254 different
sequence motifs with a window size of nine. Each window
corresponds to a sequence segment, which is represented by a
9 x 20 matrix plus an additional nine characters corresponding
to that sequence’s secondary structure information. The
matrix that represents the sequence consists of 20 rows for 20
amino acids, and 9 columns for each of the 9 sliding windows.

3.2

Distance Measure

In order to accurately cluster together two protein sequence
motifs, the distance between them must be calculated. The
formula is given as
180

Distance = ∑ | Ai − Bi |

Figure 1 The sketch of Fuzzy-HHK model

2.2

Hybrid Hierarchical K-Means Clustering

Hybrid-Hierarchical-K-Means Clustering is as a hybrid
form of Hierarchical Clustering and K-Means Clustering
proposed by Chen et al [9]. These two algorithms on their
own are the two most popular clustering algorithms, but both
come with their inherent downsides. A brief description of
how the hybrid approach is carried out is as follows. We first
run a complete cycle of an agglomerative hierarchical cluster
upon an information granule, in which we keep a tab on the
number of clusters. Once completed, the HHK-Means
algorithm now knows the point in which the highest number
of clusters was present during hierarchical clustering. We
then run hierarchical clustering again on the information
granule, but this time, the algorithm stops clustering when the
highest number of clusters has been reached. The information
granule has been partially clustered now. K-Means clustering
will now finish the job on the data. Human interaction has
been taken out because K-Means will use the highest number
of clusters taken from the hierarchical clustering and use that
number as its total number of clusters. Also, the mean value
from each hierarchical cluster present after it finished will be
computed. These will be the initial centroids for K-Means
clustering. Also, since hierarchical clustering had already put
objects that were close to one another into a cluster, and the
same general technique is used for K-Means, the result of
applying both algorithms on the same data can be trusted.

3
3.1

Experimental Setup

(1)

i =1

A single protein sequence is represented by a 9 x 20 matrix,
but in the files worked with in this paper, a sequence is a
linear structure of 180 members. Thus the distance between
two sequences is the absolute value of Protein Sequence Ai
minus Protein Sequence Bi where “i” is the member of the 9 x
20 matrix in linear form.

3.3

Secondary Structure Similarity Measure

Once Super Rules (the clusters) have been found among all
of the sequence motifs, the following formula can be applied
to the results.
ws

∑ max( P

i, H

, Pi , E , Pi , C )

i =1

(2)

ws
The result of this is the average structure of a cluster. The ws
is the window size and Pi,H shows the frequency of occurrence
of helix among the segments for the cluster in position i. Pi,E
and Pi,C are also defined in a similar fashion. This result is
found for each of the nine sliding windows, and will therefore
result in nine percentages for a given protein sequence motif
cluster. The average of these nine percentages is then found.
This percentage represents the structural homology of a Super
Rule motif. If the structural homology for a cluster is greater
than 70%, the cluster is considered to be structurally identical
[15]. If the structural homology for the cluster is greater than
60%, but less than 70%, the cluster can be considered weakly
structurally homologous [5].

The Dataset

There are 2710 protein sequences that encompass the
original dataset. These protein sequences were obtained from
Protein Sequence Culling Server (PISCES) [10]. This is the
same dataset, which were used in Chen et al’s research to
generate protein sequence motifs [12].
Due to time limitation, it is not feasible to feed all dataset
(more than 500,000 sequence segments) into Hierarchical
cluster algorithm. Therefore, instead of using the whole

4
4.1

Experimental Results
Structural Similarity Results

The dataset presented in this paper is consisted of a single
information granule from a larger corpus of data. This granule
(as shown in Table 1 below) has itself also been further
divided into 10 smaller granules.
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Figure 2 Graphical presentation for Motif #8

The first column represents the name of the 10 files
corresponding to information granule number 8 mentioned in
section 3.A, which contained 3009 protein sequence motifs
total. The second column shows the number of clusters per
file that contain 60% or greater structural similarity. The last
column shows the number of clusters per file that contain 70%
or greater structural similarity. There were a few files which
contained a super rule with an average structural similarity
greater than 80%, but in our study, we are only considering the
data for greater than or equal to 60% and 70%.
In comparison with another work that used the same
information granule, our results are immensely better. When
the original FGK model was used on the information granule
we used for this paper, it shows that with only 25% of the
recurring patterns have greater than 60% structural similarity.
Chen’s results also originally produced 0% of the super rules
with greater than 70% structurally similarity [11]. When
compared to our results of 49.1% of clusters share more than
60% secondary structure similarity and 14.7% of clusters
share more than 70% secondary structure similarity, it is easy
to see how much the revised FGK model has improved the
results on the data.

4.2

Figure 3 Graphical presentation for Motif #16

The upper part of each box shows the name of the sequence
or the name (number) of the super rule. The graphs in Figures
2 and 3 demonstrate the type of amino acid frequently
appearing in the given position by the amino acid logo. Our
graphs only show those amino acids appearing with a
frequency higher than 8%. The height of the symbols within a
stack indicates the relative frequency of each amino or nucleic
acid at that position.
The x-axis label indicates the
representative secondary structure and the structural similarity
among all members of that position. For example, H100
indicates that the representative secondary structure is Helix
and 100% of the whole members’ secondary structure is Helix
to that position.

Super-Rules Presentation

When we cluster together many protein sequences to form
the motifs, our results are represented as a new single protein
sequence, which represents all the individual sequences in that
cluster, or super-rule. In order to give a more graphical
representation of a newly formed super-rule, we decided to
use Berkeley’s WebLOGO [16], which is a sequence logo
generator that can be used for amino acid chains.
Figures 2 and 3, which are shown next, are two examples of
super rules generated using our revised FGK model with the
HHK-Means algorithm. They actually both come from the
same sub-information granule, which means these examples
are evidence of the results of using the revised FGK model.
As show, Figure 2’s super-rule contains only 55 protein
sequences with a total structural similarity of 61.82%. Figure
3’s super-rule is slightly larger with 113 protein sequences and
a structural similarity of 68.14%. With these two logos
generated it’s easy to tell the majority of amino acids present
at a given position and their frequency relative to one another.
This is the type of accurate results generated in this paper.

Figure 4 Graphical presentation for Motif #5 generated from sequence
segment #19, 872 and 3647

Figure 4 shows an example of super rule #5 and its three
component sequenc. It is usually more common to see protein
sequence motif super rules that contain many more than three
protein sequences. For instance, some super-rules generated
in this paper contain over 3000 sequences. In the case of
Chen’s work with super-rule trees [9], an upper level superrule is actually a cluster of super-rules itself, which means
there can be thousands or even tens of thousands of individual
protein sequences clustered together depending on which level
of the super-rules is being described. With that said, we
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believe that many of the super-rules generated in this paper
that contain very little number of sequences are actually just
“seeds.” That is, we believe that these small clusters, or seeds,
have the capability to accurately grow in size and accuracy if
we were to increase the dataset used or bring in other
information granules from the same dataset.
es: #19, #872, and #3647.

5

Conclusion

In this paper, we modify the FGK model and apply the
Hybrid Hierarchical K-means (HHK) clustering algorithm,
which is a hybrid combination of Agglomerative Hierarchical
Clustering and K-Means Clustering, instead of greedy Kmeans clustering algorithm to discover protein sequence
motifs that transcend protein family boundaries. The fully
automatically generated super rules are able to give a clearer
picture of relations between protein sequences. The work
described in this paper is based on protein primary structure
computation, but the super rule results are also very
meaningful to protein secondary structure as well as the
biochemical perspective. It is the first time that HHK
clustering algorithm is combined with granule computing
concept. This step increases the feasibility of HHK clustering
algorithm since it is a relatively time-consuming algorithm
because of none-parameter setup characteristic. We believe
that the Fuzzy-HHK model has the strong potential to be
applied in similar projects in Bioinformatics and Data Mining
research areas.
As far as future work is concerned, it would be best to apply
our Fuzzy-HHK model to more sets of information granules to
see if the results remain averagely better than those results of
the similar and individual clustering algorithms. Also, this
algorithm should be studied further with protein sequence
motifs with various window sizes.

6
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Abstract - A haplotype is a combination of Single Nucleotide
Polymorphism (SNP) sites in human chromosomes. The
haplotype information is critical for us to understand why
some people carry over diseases while some other don’t. In
practice, the conflated haplotype data (i.e., genotypes), rather
than haplotypes, are generated through biological
experiments, leading the open problem of the separation of
haplotypes from genotype data. Since the inference of
haplotypes from genotypes is a NP-hard problem, a heuristic
method that approximates the exact solution within
acceptable time may be desirable. In this paper, we propose a
novel heuristic approach, a multi-objective genetic algorithm,
to infer haplotypes. The performance of our model was
evaluated on both simulated datasets and real datasets
including
β2-Adrenergic
Receptor
(β2AR),
and
Apolipoprotein E (APOE). Our method perfectly predicted all
haplotypes of β2AR, and correctly predicted 75 haplotype
pairs out of 80 haplotype pairs on the APOE datasets. All
predicted haplotypes could be finished within minutes. These
results have shown that our approach has high predicting
power for while keeping computing time fast, suggesting that
potentially it’s a useful tool for haplotype inference.
Keywords: Genetic Algorithm,
Haplotype Inference problem.
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A SNP site in the human genome is a site where two
different nucleotides appear with sufficient frequency in the
population (Figure 1A). SNPs are abundantly present in
human genome and very useful while mapping of complex
disease genes. A haplotype is string of SNPs collected from a
given chromosome (Figure 1B). Each individual possess two
copies of haplotypes, one from father and one from mother.
Haplotype information is an essential factor in the disease
mapping process, drug designing, and population histories
investigations [1]. The conflated data of two copies of
haplotypes is a genotype (Figure 1C). While haplotype data is
more informative for disease diagnosis and fine scale
molecular genetic analysis, the genotype data, not the
haplotype data, is available for medical use. This is because
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the determination of haplotype sequences, compared to that of
genotypes, is more time consuming and expensive for largescale studies [2]. Therefore, it is a typical procedure that
genotype datasets are generated and used to determine the
corresponding haplotypes.
Several computational approaches have been developed in
deducing the haplotypes from the given genotypes, also known
as the haplotype inference (HI) problem. Clark [3] was the
first one to propose a computational inference method for this
problem. In his approach, he proposed a rule-based algorithm
that maximizes the number of resolved genotypes. Later on,
expectation maximization algorithms [4, 5] and Gibbs
sampling algorithms [6] based on statistical inference method
were proposed, and such methods tried to find the maximumlikelihood haplotype frequencies to explain the observed
genotype data. Some other methods, such as HAPAR [1],
inferred the haplotypes based on the pure parsimony model,
i.e., choosing a set of fewest haplotypes to resolve the
observed genotypes. All these previous approaches are based
on each of their biological models, and then find the optimal
solution for that model. The prediction accuracy of the
haplotype inference from these methods suggests that a single
model may not be efficient to characterize the complex
biological systems accurately, and multi-objective models
might be applied to increase the predicting power.
Multiobjective optimization is the process where two or
more contradicting objectives are optimized with certain
conditions to produce optimal solutions to the problems; many
applications in chemical industry, pharmaceuticals industry
started to make use of the multiobjective optimization and
producing optimal solution for respective problems. Recently
the interest of implementing the multi objective decision
making techniques in evolutionary computation has been
growing. Multi-objective optimization have been successfully
applied in computational biology problems, including bioclustering [16], gene regulatory network modeling [17], and
protein structure comparison [11].
In this study, we aim to use multiple-objective
optimization approach for inferring haplotypes. Our approach
is based on two biological models, the Maximum-likelihood
model and the Pure Parsimony model. The first objective is to
find the maximum likelihood estimates of haplotype
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(A) SNP’s

SNP1 SNP2 SNP3 SNP4

Chromosome
Chromosome
Chromosome
Chromosome

C11
C12
C21
C22
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SNP5 SNP6 SNP7

CGTAAGGCCTATTCCGAGGAAGCC
CGAAATGCCTATTCCGAGGAAACC
ACTGTTACAGACTCATGGGTAATC
ACAGTTACCGACGCATGGATAACC

(B) Haplotypes
Haplotype
Haplotype
Haplotype
Haplotype

h11
h12
h21
h22

TGCTAGG
ATCTAGA
TTATGGA
ATCGGAA

1001011
0101010
1111110
0100100

(C) Genotypes
Genotype g1
Genotype g2

[T/A][G/T][C/C][T/T][A/A][G/G][G/A]
[T/A][T/T][A/C][T/G][G/G][G/A][A/A]

2201012
2122120

Figure 1 Graphical representation of SNPs, haplotypes and genotypes. (A) Each individual has two copies of chromosomes, from
one father and one from mother. In this example, two individuals, one containing C11 and C12 and another containing C21 and
C22, are shown. (B) Haplotypes (left) and their corresponding number representations (right). (C) Genotypes (left) and their
corresponding number representations (right)
frequencies under the assumption of Hardy-Weinberg
proportions while the second objective is to minimize the
number of distinct haplotypes that explains the genotype
samples. Since the haplotype inference problem is a NP-hard
problem, making it impractical to find an optimal solution
when the dataset size becomes big. We have incorporated our
multi-objectives in the Genetic algorithm, a meta-heuristics
search and decision optimization approach, to infer haplotypes
from genotype data.
The paper is organized as follows: Section 2 describes the
haplotype inference problem, multi-objective optimization
techniques and the genetic algorithm model. Section 3
describes the experimental results, tested on both real and
simulated datasets. The paper is concluded in Section 4 with
the discussion of future work.

2
2.1

Methods
The HI problem

A nucleotide in a SNP site of a pair of chromosomes can
be any two out of the four alleles (A, C, T, or G) for different
people in population (Figure 1A). These two alleles are
represented as either ‘0’, which is denoted as wild type allele,
or ‘1’, which is denoted as mutant type allele. A haplotype is a
string containing values either 0 or 1 in each nucleotide
position (Figure 1B) and the conflated haplotype pair is called
as the genotype (Figure 1C). The genotype data gives the
combination value for each SNP site and does not describe
which allele comes from father and which allele comes from
mother. When both alleles have the value of ‘0’ (or ‘1’), then
the genotype is represented as ‘0’ (or ‘1’) and termed as

homozygous SNP site. If both alleles have different values
then the genotype is represented as ‘2’ and termed as
heterozygous SNP site.
The haplotype inference problem arises while resolving the
genotype which has more than one heterozygous site. The
problem is to find which copy of a pair of chromosomes each
allele belongs to [9]. Consider a genotype has a value 0212,
the corresponding haplotype pairs can be either (0010, 0111)
or (0011, 0110). If there are ‘k’ heterozygous sites in a
genotype (in this example k=2) then there are 2k-1 (22-1=2)
possible unique haplotype pairs for that genotype. Obtaining
the optimal solution, i.e., the correct haplotype pair for the
genotype depends highly on the objective functions defined in
the model’s algorithm. The HI problem is to find the correct
haplotype pairs for the given genotype dataset based on
biological models. The haplotype pairs for the genotype
dataset expand exponentially, and thus it is a NP-Hard
problem theoretically.

2.2

The overall algorithm

We propose an evolutionary approach, i.e., genetic
algorithm, to find the suboptimal solution for the HI problem.
In our genetic algorithm, we extract the heterozygous sites
from the genotypes, and use them to formulate individuals in
the GA model. Such partial solutions generated in our GA are
merged with the homozygous sites in the original genotypes to
form the complete solution for objective function evaluation.
An example of our algorithm is illustrated in Table 1, and the
overall algorithm is described as follows.
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Table 1 An example of genotypes and a possible solution of resolved haplotypes. The first column lists the genotype data with
the heterozygous sites being bold. The second column represents the range for the partial solution (i.e., heterozygous sites) in
integer representation in our GA, and an example of random values is shown. The third column shows partial solutions of
haplotype pair corresponding to heterozygous sites in genotypes. The fourth column shows the complete haplotype pairs based
on partial solutions (the third column) and homozygous sites.

Integer representation

Binary
representation

Resolved
Haplotypes (H)

g1: 22202

(0,24-1-1)=[0-7]=5

ph11:
ph12:

0101
1010

h11: 01001
h12: 10100

g2: 01022

(0,22-1-1)=[0-1]=1

ph21:
ph22:

01
10

h21: 01001
h22: 01010

g3: 01222

(0,23-1-1)=[0-3]=2

ph31:
ph32:

010
101

h31: 01010
h32: 01101

g4: 10112

(0,21-1-1)=[0]=

ph41:
ph42:

0
1

h41: 10110
h42: 10111

Genotypes (G)

0

Step 1. Collect the heterozygous sites in each genotype. ‘k’ is
denoted as the number of heterozygous site. In our example,
genotype g1 is (22202), thus value of k is 4.
Step 2. Build the individual solutions for our GA model based
on the k value of each genotype. We have used integer
representation in our GA. The candidate solution gene for
each individual is [0, 2k-1-1]. For our genotype g1, the
candidate solutions are in the range [0-7].
Step 3. Convert the partial solution of the integer
representation into binary representation, with the number of
digits given by ‘k’. In our example, the partial solution 5 is
converted into its binary format of 0101, and thus the partial
solution for the haplotype pair is (0101, 1010).
Step 4. Merge the partial solutions with the homozygous sites
in the genotypes to form the complete haplotypes. In our
example, the partial haplotype solution (0101, 1010) is
merged in the place of 2’s in the genotype g1, thus forming the
complete haplotype solution pair (01001, 10100).
Step 5. Evaluate the inferred haplotype pairs using two
objective functions, which will be described in the later
subsection.

2.3

Multiobjective Genetic algorithm model

In our GA model, a population set of 1000-1500
individuals are randomly initialized. Integer representation is
used to represent the partial solution of each individual. We
have used the tournament selection strategy, with the
tournament size of 5. For the crossover operator, we have used
both uniform crossovers with the crossover rate of 0.6, and
one point crossover with the crossover rate of 0.8. For the

mutation operator, we have used the uniform mutation with the
mutation rate of 0.1. To retain the best individuals for the next
generation, we have used the elitism strategy. The algorithm is
terminated when the number of generation reaches 100.
We use multiple objectives to evaluate our inferred
haplotypes in our GA. Multiobjective GA’s ability to
simultaneously search different regions of a solution space
makes it possible to find a diverse set of solutions for difficult
problems with non-convex, discontinuous, and multi-modal
solutions spaces [7]. The multiobjective GA is the same
process as like the normal GA process, but differs only in the
fitness evaluation function, where objective function is defined
in the elitism step in order to improve the diversity of the
population. The multiobjective GA used in our model is the
Fast Non-dominated Sorting Genetic Algorithm (NSGA-II)
[8], where a non-dominated set of solutions which are not
dominated by other solutions is collected. The initial
population ‘p’ is copied into a set called as ‘p1’ and the first
solution‘s’ from the population ‘p’ is been compared with all
the individuals in the copied population set ‘p1’. If solution‘s’
dominates the other members of the population, those
members are removed from the population ‘p1’ and the
solution‘s’ is retained in the population set ‘p1’. If the
solution‘s’ is dominated by other members in ‘p1’ then
solution‘s’ is removed from ‘p1’. Thus the population set ‘p1’
contains only the non-dominated members. We have used the
open source framework OPEN BEAGLE [8], a versatile C++
environment to build the genetic algorithm system. The
detailed descriptions of two objectives are given in the
following subsections.
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Table 2 An illustration of calculating the number of
compatibles between one haplotype and the remaining
genotypes.

Objective
1:
Maximum
likelihood
estimation of haplotype frequencies

The first objective function is based on the maximum
likelihood estimation (MLE) of the haplotype frequencies
which resolves the genotype vector dataset. Given the
genotype dataset G = {g1, g2,.., gn}, and the haplotype
frequency parameter vector fθ. The probability density
function (PDF) for the observed data ‘G’ is the product of the
PDF’s for each individual observation which is expressed as
follows,

Haplotype

h21

Comparison

Compatible
(Yes/No)

g1 22202
h21 01001

Yes

g3 01222
h21 01001

Yes

g4 10112
h21 01001

No

Total compatibles

2

n

f (G=(g1,g2,...,gn)| fθ ) = f (g1 | fθ )* f (g2 | fθ )*......* f (gn | fθ ) =∏f (gi | fθ ) (1)
i=1

The PDF value of each genotype ‘gi’ is the sum of the
product of the frequencies in fθ of the haplotype pair which
resolves the genotype ‘gi’. This is expressed as follows,
mi

f ( g i | fθ ) = ∑θ hθ h '

(2)

i =1

where ‘mi’ is the number of possible haplotype pairs that
resolves the genotype ‘gi’. To solve the inverse problem
occurring in PDF’s, we define the Likelihood function by
reversing the roles of the data vector G and the frequency
parameter vector fθ which is expressed as,

L( fθ | G ) = f (G | fθ )

(3)

Substituting the equations (1) and (2) in (3), the likelihood
function for the genotype is calculated which is the product of
haplotype frequencies can be expressed as,
n

mi

L( fθ | G ) = ∏∑θ hθ h '

(4)

j =1 i =1

In order to avoid the problem of floating-point overflow,
we use the log-likelihood value. We negate the log-likelihood
values so that this objective becomes a minimum optimization
problem. The objective function is formulated as follows,
n

mi

j =1

i =1

ObjectiveFunction 1 = − log(L( fθ | G)) = −∑ log ∑θ hθ h'

2.5

Objective 2: Minimizing
number of haplotypes

the

(5)

Since the objective function depends on the minimum number
of distinct haplotypes, many individuals in our GA could have
the same value, even though the haplotype pair combination
could be different. This scenario could lead our GA algorithm
be trapped in the local optimal, and thus making it hard to find
the best solution.
In order to overcome this drawback, we add additional
information in this objective function, which is the total
number of compatibles, denoted as HComp. In particular, for
each haplotype of all inferred haplotype pairs that corresponds
to their genotypes, we can compare it with the remaining n-1
genotypes. We call the haplotype is compatible if all
homozygous sites in the genotype matches the haplotype,
otherwise, it is incompatible. As an example shown in Table
2, the haplotype h21 is compared with the genotypes (g1, g3,
g4). Comp(h21) is 2 since it is compatible with genotypes (g1,
g3), but not with genotype of g4. HComp can be formulated as
n

H Comp = ∑ Comp (hi ,1 ) + Comp ( hi , 2 )

Thus, the second objective function is the sum of two
parts, the information of distinct haplotypes and the total
number of compatibles. The function is given as follows,

distinct

The second objective is based on the parsimony model,
which finds the set of minimum number of distinct haplotypes
that explains the genotype dataset. The distinct number of
haplotypes can be easily determined when the set of haplotype
pairs are generated in our GA.

(6)

i =1



1

Objective Function 2 = H Dist + 
H

 Comp + 1 

3

(7)

Experimental Results

To measure the performance of our GA model, we tested it
on three real datasets (β2AR, APOE, and CFTR), and three
sets of simulated datasets with various parameters. We used
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Figure 2 The best and average fitness values of the two objective functions in the first 50 generations of our GA. (A) and (B) are
for β2AR; (C) and (D) are for APOE; (E) and (F) are for CFTR.
error rate as the performance metric, which is defined as the
ratio between incorrectly inferred haplotype pairs to the total
number of haplotype pairs present in the dataset.

3.1

β2-Adrenergic Receptor (β2AR) Gene Data
Set

β2-Adrenergic Receptor (β2AR) is G protein-coupled receptors
that mediate the actions of catecholamines in multiple tissues
[10]. A sample of 121 individuals is extracted from the region
spanning 1.6kb and each individual consists of 12 SNP sites.
Out of these 121 individuals, 18 distinct genotypes were

identified; each contains varying number of heterozygous
sites. Since there are 80 heterozygous sites in all 18 genotypes,
there will be 262 which came from (280-18) possible
combinations of haplotype pairs. Since haplotype pairs expand
exponentially depending upon the heterozygous sites, it’s
really time consuming to search for the optimal best solution.
Our GA model finds the best solution within a couple of
minutes on a desktop computer. The inferred haplotype pairs
were compared with the original haplotype pairs, and the error
rate for this dataset was 0%. Figure 2 (A) and (B) shows the
average and the best objective function values in the
population in the first 50 generations.
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Table 3 Performance summary of our GA on the real datasets of β2AR, APOE and CFTR.

Dataset
β2AR
APOE
CFTR

Number of
Genotypes
18
80
29

B
m=10,k=10

Objective 1
value
26.35
120.55
67.16

Objective 2
value
10
17
29

C

1.2

m=8,k=15

1

Error rates

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

Error rates

Error rates

A

Number of SNP
sites
12
9
23

0.8
0.6
0.4
0.2
0

0.8

Error
rate (%)
0.00
6.25
31.03

m=15,k=20

0.6
0.4
0.2
0

4 6 8 10 12 14 16 18 20 22 24

4 6 8 10 12 14 16 18 20 22 24

4 6 8 10 12 14 16 18 20 22 24

Number of Genotypes (n)

Number of Genotypes (n)

Number of Genotypes (n)

Figure 3 Performance summary of our GA on simulated datasets. The numbers of genotypes (n), haplotypes (m) and SNP sites
(k) are shown in (A), (B) and (C).

3.2

APOE (Apolipoprotein E) dataset

The second dataset we tested is the APOE, which had 80
genotypes with 9 SNP sites. Apolipoprotein E (APOE) is a
plasma protein that plays a prominent role in lipid metabolism
and cholesterol transport in human tissues [12]. Our GA
model predicted 17 distinct haplotypes for resolving the
datasets of 80 genotypes. The best solution was found within a
couple of minutes on a desktop computer. The error rate for
this dataset was 6.25%, meaning that our GA model predicted
75 haplotype pairs out of 80 genotypes. Figure 2 (C) and (D)
show the average and the best objective function values in the
population in the first 50 generations. We compared our multiobjective GA model with the single objective GA model,
which uses the objective function of the maximum likelihood
of haplotype frequencies. We found that single objective GA
model had the error rate 7.5%. This indicates that using the
multiobjective optimization in our GA model improves the
prediction accuracy of this APOE dataset.

3.3

Cystic Fibrosis TransmembraneConductance Regulator (CFTR) dataset

Cystic fibrosis is one of the most common autosomal
recessive disorders affecting whites, with an incidence of 1
case per 2,000 births [13]. The genotype dataset were not used
directly in this case, instead 57 haplotypes were selected from
a particular region, each of 23 SNP sites. A set of 29
haplotype pairs were chosen randomly from the haplotype
pool and merged to form the genotypes. We then ran our
model to the simulated genotype dataset, and the error rate for
this dataset was 31.03%, indicating that 9 out of 29 haplotype
pairs were incorrectly inferred. The high error rate of this
dataset is probably due to large number of SNP sites and large

number of distinct haplotypes present. Figure 2 (E) and (F)
show the average and the best objective function values in the
population in the first 50 generations. We have tested the
dataset CFTR with the GA model with one objective function
of maximum likelihood function of haplotype frequencies, and
found the error rate was 34.48%. In addition, the error rate
was 47% for the Clark’s algorithm [15]. This again shows our
GA model with the multi-objective functions produces
prediction results better to some degree.

3.4

Simulated datasets

To evaluate the performance of our GA model further, we
created simulated datasets of varying parameters for ‘m’
haplotypes, ‘k’ SNP sites and ‘n’ genotypes. To do so, we
created random sets of ‘m’ haplotypes with ‘k’ SNP sites, and
generated ‘n’ (ranging from 4 to 24) genotypes by randomly
selecting two haplotypes from ‘m’ haplotypes and conflating
them. Three simulated datasets with parameters, (a) m = 10, k
= 10, (b) m = 8, k = 15 and (c) m = 15, k = 20 were created.
For each parameter setting, the algorithm was run 10 times to
find the prediction accuracy results and the average error rates
were collected. Figure 3 shows the error rate graph for the
three simulated datasets.
We found that that when the value of ‘n’ is 10 and larger,
the error rates are low. This can be shown in Figure 3A and
3B, where error rates are almost 0%. When the value of ‘n’ is
small, the error rates tend to be high. When the number of
genotypes is less than the number of haplotypes, then there are
many solutions of haplotype pairs for a particular genotype.
Our GA randomly selects one candidate solutions with the
same fitness value, and thus may produce wrong solutions.
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Conclusions

In this paper, we have developed and implemented a
multi-objective GA model to infer haplotypes. We used two
criteria, maximizing the haplotype frequencies and minimizing
the number of distinct haplotypes to explain the observed
genotype data. The experimental results using three sets of
real datasets have shown our multi-objective GA finds the
solutions with low error rates and with fast computing time.
For example, our multi-objective GA model, finds 0% error
rate for β2AR dataset, 6.25% error rate for APOE dataset. We
have also tested our model on simulated datasets, and we have
shown that low error rates for various simulation datasets.
Therefore, our GA model can be a useful computational tool
for inferring haplotypes.
We do realize that our multiple-objective GA model is less
effective when performing genotype datasets with relatively
large number of haplotypes relative to genotypes. This is
because both the objective of maximum likelihood function
and the objective of maximum parsimony model generate a
number of candidate solutions with the same objective values.
Our GA model does not distinguish the solutions with the
same sub-optimal values, and randomly select a candidate
solution for that. In our future work, we don’t treat each SNP
site of the haplotypes independently. Instead, we consider
SNP sites a block of SNPs when evaluating haplotypes. This
additional information will be incorporated in our current
framework, and we believe this will compensate the drawback
of our current multi-objective GA model.
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Abstract - Predicting membrane type is a crucial problem in
computational biology. It is closely related to the biological
function of the protein and its interaction process with other
molecules in a biological system. The function of a membrane
protein is closely correlated with the type it belongs to. In this
paper we introduce DomMat, a novel method to predict
membrane protein types. The method extracts functional
domains by removing all the corresponding inter-domain
linkers from the membrane protein sequence. A novel
matching algorithm is then introduced to measure the
sensitivity of the functional domains information with respect
to the membrane protein sequences of interest. Two protein
sequences are expected to be related if they contain similar
functional domain information. DomMat was tested in a highquality benchmark dataset. The dataset consists of eight
different membrane protein types collected from the SwissProt database. The results obtained suggested that DomMat
is comparable to the state-of-the–art methods and indeed a
very useful method in identifying membrane protein types.

computational tools that are capable of predicting the types of
membrane proteins is growing. Hence, computational
approaches remain essential to assist in the design and
validation of the experimental studies. As a result, a vast set
of impressive computational methods have been developed.
However, most of the recent state-of –the-art computational
methods (e.g. [2]-[6]) have one common drawback; they are
either based on amino acid composition knowledge or
consider all sequence-order effects by using pseudo amino
acid composition. Predicting membrane protein types using
amino acid composition is simple and provides information
about the supplementary or complementary value of proteins.
Nevertheless, a serious weakness is that using amino acid
composition does not take into account the bioavailability of
the amino acids and their structural relationships. Very little
work has been done to use protein structural knowledge to
represent membrane protein sequences.

Keywords: membrane protein; inter-domain linkers; support
vector machines

1

Introduction

A membrane protein is a protein molecule that is
attached to, or associated with the membrane of a cell or an
organelle. Membrane proteins play key roles in controlling the
processes of life. Given the importance of membrane proteins
in various cellular processes, the roles they play in diseases
and their potential as drug targets, it is imperative that the
types of proteins be better studied [1]. The determination of
function for new membrane proteins can be expedited
significantly if we can find an effective scheme and algorithm
to predict their types. The types of the membrane proteins are
shown in Fig. 1. The function of a membrane protein is
closely correlated with the type it belongs to. With the rapid
increment of the number of protein sequences entering into
public data banks; it would be both time-consuming and
costly to rely on completely experimental work to predict
membrane types. This is why the development of

Figure 1: Schematic illustration to show the eight types of
membrane proteins: (1) type I transmembrane, (2) type II, (3)
type III, (4) type IV, (5) multipass transmembrane, (6) lipidchain-anchored membrane, (7) GPI-anchored membrane, and
(8) peripheral membrane [6].
In this paper, we utilize the structural knowledge as a
way to represent the membrane protein sample. We
introduced a novel technique to efficiently extract the protein
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functional domain using inter-domain linkers regions as a way
to incorporate structural knowledge. The identification of
protein functional domains plays an important role in protein
structure comparison. The comparison of membrane protein
structures allows one to peer back farther into evolutionary
time, based on the concept that a form or structure remains
similar long after membrane sequence similarity has become
undetectable [7]-[10]. Once the membrane protein is
represented, a novel matching algorithm is introduced to
measure the sensitivity of the extracted protein domains
against the membrane protein sequence. A protein domain is a
part of protein sequence and structure that can evolve,
function, and exist independently of the rest of the protein
chain. Each domain usually forms a compact threedimensional structure and often can be independently stable
and folded. Many proteins consist of several structural
domains. One domain may appear in a variety of
evolutionarily related membrane protein sequences. A
powerful machine learning algorithm such as support vector
machine (SVM) is then utilized to discriminate between eight
membrane protein types.

2

Method

The algorithm for predicting membrane protein types
based on functional domain matching (DomMat) consists of
two major steps:
(1) Feature extraction step: In this step we represent each
protein sequence by its sensitivity to a set of short
amino
acids
sequences
containing
the
evolutionary/functional domains.
(2) Classification step: taking as a kernel the dot product
between these vector representations to be used in
conjunction with SVM.
In the proceeding sections, we describe both steps.

2.1

Feature extraction

Extracting structural domain information is shown to be
tedious and remain unsolved completely. Therefore, we use a
novel technique to extract the protein functional domains

To compare s1 to s2, let us assume that the first row
presents the index of the amino acid and the second row
presents the amino acid sequence. The algorithm starts by
picking the first amino acid S (position 0) in s1 and search for

solely from amino acid sequence. We employ inter-domain
linker region information. All amino acid that appear to be
involved in the inter-domain linker region are identified and
removed from the original membrane protein sequence. By
conducting this step, the protein sequence will be shorter with
only protein functional domains information, which may
produce improved sequence matching scores. Domain linkers
can play an essential role in maintaining cooperative interdomain interaction [11].
The prediction of the inter-domain linker regions is
made by using linker index deduced from a data set of
domain/linker segments from SWISS-PROT database [12].
DomCut developed by Suyama et al. [13] is employed to
predict linker regions among functional domains based on the
difference in amino acid composition between domain and
linker regions. Following [13], we defined the linker index Si
for amino acid residue
i using the formula
 f Lin ker
S i = − ln  i Domain
 f
 i

 where f Lin ker is the frequency of amino

i



acid residue i in the linker region and

f i Domain is the

frequency of amino acid residue i in the domain region. A
negative value of S i indicates that the amino acid preferably
exists in a linker region and therefore, we remove it from the
protein sequence of interest. This step will result in significant
downsizing of the protein sequence without compromising its
generality.

2.2

Membrane protein sequence matching
algorithm

Once the inter-domain linkers regions are removed and
the short protein sequence containing the potential functional
domains is prepared, we measure the sensitivity of these short
protein sequences against the membrane protein sequences of
interest. The matching algorithm is illustrated as follows:
Let us assume that we would like to measure the
matching between protein sequence 1 (s1: the original
sequence which we would like to know its membrane type)
and protein sequence 2 (s2: the amino acid sequence consist
of the predicted functional domains). To illustrate the
algorithm, let us consider s1 and s2 as follow:

a similar amino acid in s2. In this case, the amino acid S exists
first at position 5 in s2. Starting at positions 0 (in s1) and 5 (in
s2) and moving one amino acid at time in order to keep track
if the following amino acids in the two sequences are matched
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i.e. the amino acid at index 1 (in s1) is compared to the amino
acid at index 6 (in s2), the amino acid at index 2 (in s1) is
compared to the amino acid at index 7 (in s2), etc. The
matching stops if 5 consecutive mismatches are found or
when there is no more amino acids to compare to. The result
of the matching is the following sequence S − − − −A− i.e
s1[0] = s2[5] and s1[5] = s2[10]. The score of the match (S :
A) is calculated using BLOSUM62 scoring matrix. A penalty
of four mismatched is imposed in this case. At this point, the
algorithm continues searching to find if there is another
occurrence of S in s2. It finds another occurrence at position
11. It does the same processing mentioned above. Since there
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is no more amino acid remains in s2, the matching stops. The
algorithm proceeds to the second amino acid V (in s1) and
repeats the same procedures mentioned. It finds that V exists
in position 0 in s2. Following the same matching steps we
obtain the sequence V-DAA- - - - -. In this case, the algorithm
stops when 5 mismatches are found and the corresponding
score is calculated. The algorithm then proceeds to the third
amino acid in s1 and does the same processing. When all the
amino acids in s1 are processed, the matching between s1 and
s2 is complete and all the corresponding scores are
accumulated to create the final matching score between the 2
proteins. The matching algorithm is illustrated in Fig. 2.

Figure 2: Protein matching algorithm.
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One significant characteristic of any algorithm is its
computational efficiency. In this respect, the protein matching
algorithm complexity is O(n1 × n2 × L1 × L2). Where n1 and
n2 are the number of protein sequences in sets F1 and set F2,
respectively. L1 is the length of the longest protein sequence
in F1 and L2 is the length of the longest protein sequence in
F2, respectively.
It is worth noting that when comparing any two proteins,
the matching algorithm stops executing when 5 consecutive
mismatches occur (5 different consecutive amino acids).
Given this technique and given the nature of proteins, it is
very rare to visit all amino acids in two proteins. Therefore,
the worst case complexity is rarely achieved. Moreover, the
number of mismatches (currently 5) is a variable that the user
could change. If we set the value to 1, then the matching
algorithm will attempt to find the exact matches between the
two protein sequences. By varying the mismatch value, we
can efficiently find the best matches between proteins.
Following the protein sequence matching step, all
proteins will be represented by feature vectors which will
allow us to take as a kernel the dot product between these
vector representations to be used in conjunction with SVM.

2.3

Classification

The problem is basically formulated as multi-class
classification problem: both training and testing sets contain
membrane protein sequences belong to any of the eight types.
This representation is combined with SVM to classify
between the eight sets. The SVM algorithm addresses the
general problem of learning to discriminate between positive
and negative examples of a given class of n-dimensional
vectors. In order to discriminate between the protein
membrane types, the SVM learns a classification function
from a set of positive examples χ+ and set of negative
examples χ-. The classification function takes the form:

f ( x) =

∑
i: xi ∈ χ +

λ i K ( x, x i ) −

∑ λ K ( x, x )
i

i

(1)

i : x i ∈χ −

where the non-negative weights λi are computed during
training by maximizing a quadratic objective function and the
function K (.,.) is the kernel function [14]. Any new sequence
x is then predicted to be positive if the function f (x) is
positive. More details about the theory of SVM and how the
weights λi are computed can be found in [15]-[16].

3

Results and Discussion

The protein sequences used in this work were collected
and published by Chou et al. [6]. The datasets are collected
from the Swiss-Prot database at (version 51.0). To insure a
high-quality of the benchmark dataset, the data were screened
strictly according to the following criteria and order:

(1) Sequences annotated with ‘‘fragment’’ were excluded.
Any sequences with less than 50 amino acid residues
were excluded because they might just be fragments.
(2)

Sequences annotated with ambiguous or uncertain
terms,
such
as
‘‘potential’’,
‘‘probable’’,
‘‘probably’’, ‘‘maybe’’, or ‘‘by similarity’’, were
removed for further consideration.

(3) For the sequences kept after the above screen
procedures in (1) and (2) which all have clear
experimental annotations, those annotated with
‘‘membrane protein’’ were stored in the membrane
protein reservoir Rmem; while the rest stored in the
non-membrane protein reservoir Rnon-mem.
(4) Eight different membrane protein types (Fig. 1) were
found in Rmem; to reduce the homology bias, a
redundancy cutoff was operated to winnow those
sequences which have ≥ 80% sequence identity to
any other in a same membrane type.
(5)

A similar cutoff procedure was operated for the
sequences in Rnon-mem.

Finally, we obtained a dataset S that contains 7582
membrane protein sequences belonging to any of the eight
membrane protein types. According to their experimental
annotations, the 7582 membrane proteins can be further
classified into eight subsets. The numbers of proteins thus
obtained for the eight membrane protein types in the training
dataset and the testing dataset are given in Table 1.
Table 1 : Number of membrane proteins in each of the eight
types for the training and the testing datasets.
Type

Single-pass type I
Single-pass type II
Single-pass type
III
Single-pass type
IV
Multipass
Lipid-chainanchor
GPI-anchor
Peripheral
Total

Number of
sequences in the
training dataset
610
312
24

Number of
sequences in the
testing dataset
444
78
6

44

12

1316
151

3265
38

182
610

46
444

3249

4333

In the first step of the experimental work we started by
extracting the functional domain using Domcut method.
Amino acids with a negative value of S i are removed from
the training protein sequences dataset. This step resulted in
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Average linker index

significantly downsizing all the protein sequence in the
training dataset without compromising their generality. These
new short sequences are expected to contain only functional
domains information. The process here is slightly different
from Domcut approach. In Domcut, a threshold value of -0.1
was considered as shown by the horizontal line in Fig. 3. In
this case linker regions (1, 2,.. , 10) which are less than a
threshold value of -0.1 are identified from the protein
sequence of interest. DomMat however, considers a threshold
value of 0. Different threshold values are tested and a value of
0 resulted in higher accuracy rate since it identifies more
suspected linker regions.
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rate of 93.54%. The results clearly indicate that DomMat is
indeed very useful in identifying membrane protein types.

DomMat
Domcut

Figure 4: Success rate in identifying membrane protein types.
Protein sequence position

Figure 3: An example of linker preference profile generated
using Domcut. In this case, linker regions (1, 2,.. , 10) less
than a threshold value of -0.1 are identified from the protein
sequence of interest. A horizontal line is also drawn at the
averaged linker index value 0 which was used by DomMat.
In the second step, we match each protein sequence in
the training and the testing set to the short protein sequences.
We used a penalty of 5 and a mismatch size equal to 5. In the
last step, we employ LIBSVM (Library for Support Vector
Machines) to classify the testing set into eight protein
membrane types. LIBSVM [17], is developed by Chang and
Lin and it supports multi-class classification. In all
experiments, Gaussian Radial Basis Function kernel (RBF
kernel) was used, the RBF kernel allows pockets of data to be
classified which is more powerful approach than simply using
a linear dot product. The function has the form

DomMat could also be used to distinguish between
membrane and non-membrane protein. This experimental
work is not included in this paper since membrane proteins
consist of transmembrane proteins and anchored membrane
proteins. The former contains one or more hydrophobic
segments, and hence is relatively easily discriminated from
nonmembrane proteins. We understand that the matching
between two protein sequences may not necessarily lead to
similar protein membrane type. However, it is evidence that
we cannot ignore. Matching would allow one to infer that
homology and homologous sequences are usually structurally
related. This relationship could lead to identify two membrane
proteins from the same type. It’s also worth mentioning that,
despite the novelty of functional domain extraction method, a
more accurate technique to identify inter-domain linker
regions is needed. Domcut has shown sensitivity (proportion
of the total number of successfully predicted linkers against
the total number of linkers) of 53.5% and selectivity
(proportion of correct predictions in all predictions) of 50.1%.

k ( x, xi ) = e −γ || x − xi || , where x, xi ∈ X and γ > 0 . In all of the

4

experimental work, the scaling parameter γ was set to 0.001.
The SVM algorithm is based on a sound mathematical
framework and much of its power is derived from its criterion
for selecting a separating hyperplane that maintains a
maximum margin from any point in the training set [18].
The prediction results obtained are given in Fig. 4. Fig. 4
also shows the accuracy results of MemType-2L [6] (the most
accurate method discussed in literature so far). The overall
accuracy success rate of MemType-2L was 91.6% while
DomMat was able to achieve a comparable overall accuracy

DomMat is introduced in this paper. The method for
predicting protein membrane types consists of two major
steps: (1) Feature extraction step in which we represent each
protein sequence by its sensitivity to a set of short amino acids
sequences containing the evolutionary/functional domains,
and (2) Classification step which takes as a kernel the dot
product between these vector representations to be used in
conjunction with multi-class SVM. The results obtained
clearly indicated that DomMat is comparable to state-of-the–
art methods and indeed very useful in identifying membrane
protein types.

2

Conclusions
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Intrinsic Contact Geometry of Protein Dynamics
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Abstract— We introduce a new measure for comparing
protein structures that is especially applicable to analysis
of molecular dynamics simulation results. The new measure
generalizes the widely used root-mean-squared-deviation
(RMSD) measure from three dimensional to n-dimensional
Euclidean space, where n equals the number of atoms in
the protein molecule. The new measure shows that despite
significant fluctuations in the three dimensional geometry
of the estrogen receptor protein, the protein’s intrinsic contact geometry is remarkably stable over nanosecond time
scales. The new measure also identifies significant structural
changes missed by RMSD for a residue that plays a key
biological role in the estrogen receptor protein.
Keywords: RMSD, superposition, contact map, molecular dynamics, estrogen receptor

1. Introduction
Proteins play an important role in most biochemical
processes. Since the three dimensional structure of a protein
is crucial for protein function, methods for describing and
comparing protein structures are of considerable interest [1].
A protein is a long polymeric chain of twenty different
types of smaller molecules derived from amino acids. Under biological conditions, most protein chains adopt tightly
packed, well-defined, globular structures. The folded structure of a protein can be deduced from experimental data
and is typically reported as a list of three-dimensional coordinates for each atom in the protein. The protein structure
can then be classified as one of a relatively small number of
protein “folds” of overall similar geometry. The protein fold
is determined by comparing features of the overall structure
to those of other proteins.
Root-mean-squared-deviation (RMSD) is a widely used
measure for quantifying the differences between two protein
structures [2]. One shortcoming of RMSD is that it treats
protein structures as rigid objects. In reality, most proteins
exhibit dynamic structural fluctuations. In comparing structures and in evaluating the output from molecular dynamics
simulations, a need exists for a measure which takes this
large degree of flexibility into account [3].
Contact map overlap (CMO) is an alternative measure that
overcomes some of the shortcomings of RMSD. A contact

map is a matrix of ones and zero that specifies which pairs
of atoms in a protein structure are in close proximity or in
“contact” with one another. A typical criterion for contact defines contact as a pair of atoms that are within 4 Angstroms
of one another. A contact map of an entire protein contains
enough information to reconstruct the overall geometry of a
protein’s structure up to reflections. Since contact maps are
obtained from only local information, they are insensitive
to changes in distance between atoms that are far apart
from one another, allowing more flexibility than RMSD.
Because of the discrete nature of contact maps, they have the
shortcoming of being insensitive to small changes in protein
structures.
In this article, we introduce a new measure, meandirection-cosine-deviation (MDCD), which avoids some of
the limitations of RMSD and CMO. For each atom in a
protein molecule, we assign an intrinsic contact vector in
n-dimensional Euclidean space, where n equals the number
of atoms in the protein molecule. The cosine of the angle
between pairs of intrinsic contact vectors equals the contact
between the corresponding pairs of atoms.

2. Intrinsic Contact Geometry
The distance
matrix of a protein’s structure is the matrix

D = dij where dij equals the distance between atoms i
and j. We can use a cutoff function like the one defined
below (see Figure 1)

1 − 41 d 0 ≤ d ≤ 4
s(d) =
0
otherwise

to construct a smoothed contact matrix C = cij , where
cij = s(dij ). It is possible to choose the cutoff function so
that the contact matrix C will be a positive-definite matrix.
This will be important for the method described below.
If the cutoff function used to construct the contact matrix
C is chosen so that C is positive-definite, we can define
a corresponding n-dimensional Euclidean space by defining
the generalized inner product
hu, viC = u> Cv.
This n-dimensional Euclidean space has a useful interpretation. First, let atom i be assigned the standard unit vector
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1

ri = Rei . Then, in standard Euclidean geometry,

contact

0.8

hri , rj i = r>
i rj
>

0.6

= (Rei ) (Rej )
>
= e>
i R Rej
> √

√
DV >
DV > ej
= e>
i

0.4
0.2
0
0

2
4
6
distance (Angstroms)

8

Fig. 1: Graph of the cutoff function c = s(d).

ei = (0, . . . , 0, 1, 0, . . . , 0). Then, cij , the contact between
atoms i and j, is given by the inner product below.

hei , ej iC = e>
i Cej = cij

Thus, the contact between atoms i and j equals the cosine of
the angle between the standard unit vectors ei and ej in the
Euclidean geometry defined by the inner product hu, viC =
u> Cv.
Before we can compare the Euclidean spaces of two
protein structures, we must first transform their respective
Euclidean geometries to the standard Euclidean geometry
with inner product hu, vi = u> v. Under the transformation
which standardizes the inner products, the standard unit
vectors ei are transformed to the unit vectors ri which we
will refer to as the intrinsic contact vectors of a protein’s
structure. The intrinsic contact vectors ri are the appropriate
vectors to compare when measuring the differences between
the intrinsic contact structures of two protein molecules.
Before we measure the difference between the intrinsic
contact vectors of two protein structures, we first align
the vectors with a procedure similar to the Kabsch procedure used in calculating RMSD [4], but carried out in ndimensional Euclidean space instead of three dimensional
Euclidean space. The extra dimensions allow for additional
flexibility when comparing structures. The mathematical
details of the procedure outlined above are described below.
Since C is a positive definite matrix, it can be factored
as C = V DV > where the columns of V are eigenvectors
of C and D is a diagonal matrix with the eigenvalues of
C (which are positive) on the main diagonal. Since C is
a symmetric matrix,
√ V is an orthonormal matrix. Define
the matrix R = DV > . The matrix R defines the linear
transformation that transforms the non-standard Euclidean
geometry of a protein’s structure to the standard Euclidean
geometry. Why this is so is explained as follows. Define

>
= e>
i V DV ej
= e>
i Cej
= cij .

Thus, the standard inner product of two intrinsic contact
vectors ri and rj equals the contact between their corresponding atoms. Note that since hri , ri i = cii = 1 (the
distance between an atom and itself is zero) the intrinsic
contact vectors ri are unit vectors.
We define the mean-direction-cosine-deviation (MDCD)
between two structures to equal the average deviation from
one for the inner products of the intrinsic contact vectors of
the corresponding pairs of atoms in the two structures. The
structures must first be superimposed in n-dimensional Euclidean space using a Kabsch type procedure [4] as follows.
Let the columns of R1 and R2 equal the intrinsic contact
vectors of protein structures 1 and 2. Performing a singular
value decomposition, we have that R1 R2> = U DV > . Define
T = U V > . Then the MDCD measure of the difference
between protein structures 1 and 2 equals one minus the
average of the diagonal elements of the matrix R1> T R2 .
Specifically,
MDCD = 1 − ave(diag(R1> T R2 )).
To test the utility of MDCD for measuring the structural
differences between two protein structures, we applied it
to measure the average structural changes occurring during
5 nanoseconds of equilibrated dynamics of the estrogen
receptor protein monomer (in vacuum). We compared consecutive protein structures in the trajectory at 0.1 nanosecond
time intervals and computed average changes in RMSD and
MDCD for each individual atom and for each structure as a
function of time. The details are covered in the next section.

3. Estrogen Receptor Protein Dynamics
The estrogen receptor is a widely studied protein due to
its crucial role in mediating normal development and reproduction in all vertebrate species, and due to its role in the
formation and growth of breast cancer and other reproductive
tract cancers in humans [5]. The estrogen receptor exerts its
biological function as a result of structural changes to the
protein in a region termed the ligand-binding domain (LBD)
elicited by biological ligands such as estradiol, and by drugs
such as tamoxifen. Understanding these structural changes
is a major area of biochemical research [5], [6].
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Fig. 2: Scatter plot of RMSD vs MDCD for 50 consecutive
structures of equilibrated estrogen receptor α monomer
dynamics. Structures are separated by 0.1 nanoseconds in
time.

Fig. 3: Scatter plot of average atom RMSD vs average atom
MDCD between consecutive structures of equilibrated estrogen receptor α monomer. Comparisons are made between
atom positions separated by 0.1 nanoseconds in time.

The increasing power of readily available computer technology combined with an improved understanding of protein structure has allowed computer simulations to generate
useful predictions for protein behavior. However, evaluating
the large amounts of information generated during computer
simulations presents some problems.
Before viewing a protein dynamics trajectory, a common
procedure (the Kabasch procedure) is to align the protein
trajectory to the initial or final structure in the trajectory
to remove any net rotations and translations of the trajectory. We can extend this idea to consecutive structures
in a trajectory to explore the structural deformations the
protein undergoes. Measuring structural deformations using
RMSD has the shortcoming of treating protein structures as
rigid objects in three dimensional Euclidean space. Proteins
are in fact quite flexible. We believe the intrinsic contact
geometry we outlined in the previous section is a more
natural description of protein structures.
To evaluate the usefulness of our intrinsic contact geometry, we used the molecular dynamics package NAMD
[7] to simulate apo estrogen receptor α monomer (PDB
ID 1G50 [8]) in vacuum for 5 nanoseconds to equilibrate
the structure and an additional 5 nanoseconds to measure
RMSD and MDCD structural changes between consecutive
structures separated by 0.1 nanoseconds. Figure 2 is a scatter
plot of RMSD vs MDCD for individual structures. Figure 2
suggest that for the small structural changes which occur
in equilibrated dynamics over short periods of simulated
time, RMSD and MDCD are correlated. Figure 3 is a
scatter plot for RMSD vs MDCD for individual atoms of
the estrogen receptor averaged over the equilibrated portion
of the trajectory. Although, once again, small changes are
well correlated, larger changes exhibit much less correlation.
Observe from both figures that while RMSD is as large
as approximately 2 Angstroms RMSD for structures and

4 Angstroms RMSD for atoms, the corresponding MDCD
values are below approximately 0.027 and 0.12 respectively. From Figure 1, we see that a difference in contact
value of 0.027 and 0.12 is equivalent to 0.00675 and 0.03
Angstroms respectively, indicating that the intrinsic contact
structure of the estrogen receptor protein, over time scales of
nanoseconds, is remarkably stable. RMSD overemphasizes
the global structural fluctuations that do not affect the local
interatomic interactions responsible for protein structural
stability.
To further evaluate the measures, we compared the distributions of atoms by RMSD and MDCD (Figure 4). Both
distributions are similar with most atoms exhibiting small
deviations in both RMSD and MDCD. Based on the data
in Figure 3, the two measures identify different subsets of
atoms exhibiting large changes.
To further compare MDCD to RMSD as an evaluation
measure, we performed molecular dynamics simulations
using two different starting structures. The first structure was
the crystal structure described earlier. The second structure
was a homology model described in more detail below.
It is believed that activation of the estrogen receptor protein involves a significant change in the protein’s structure
induced by ligand binding. Because no estrogen receptor
structures corresponding to the biologically relevant ligandfree conformation of the protein are available, we generated
a homology model for this configuration.
Homology modeling is a protein structure prediction
method in which the sequence of the protein of interest
is threaded into the structure of a related protein [9], [10],
[11]. Unlike the estrogen receptor LBD, the structure of the
human RXR-α LBD has been experimentally determined
both in the absence [12] and presence [13] of ligand. The
human RXR-α LBD exhibits about 26% sequence identity
with the human estrogen receptor-α. While this relatively

low sequence identity presents some problems in generating
a direct alignment, the existence of structures for both the
estrogen receptor and RXR in the presence of ligands allows
the use of a structural alignment to guide the sequence
alignment.
The sequence of the human estrogen receptor-α LBD
was aligned to that of the RXR-α LBD by comparing the
structural features of the two ligand-bound LBDs (PDB ID
1G50 for the estrogen receptor [8] and 1FBY for RXR
[13]). Once the sequences were aligned, the SWISS-MODEL
server [11] was used to generate a homology model for the
ligand-free estrogen receptor using the ligand-free RXR-α
(PDB ID 1LBD) as a template.
Using this homology model as our starting structure, we
repeated the molecular dynamics simulations and RMSD
and MDCD calculations described earlier. A comparison of
the two simulations (crystal structure and homology model)
using both RMSD and MDCD is shown in Figures 5 and 6.
In a recent paper, Celik et al. [14] described the pivotal
role that the residue His524 (located in the ligand binding
pocket) plays in maintaining the biologically active agonist
conformation of the estrogen receptor protein. We compared
the ability of RMSD and MDCD to detect the biologically
significant role played by His524. The data in Figure 5 show
that for the crystal structure simulations, MDCD indicates
that His524 is one of the most structurally stable residues in
the protein. In contrast, RMSD does not indicate that His524
is significantly different from any of the other residues. For
the homology model simulations shown in Figure 6, we see
that MDCD now indicates that His524 is one of the most
structurally unstable residues in the protein. Once again,
RMSD does not suggest His524 is structurally different from
a typical residue in the protein.
If we assume the homology model is a reasonable model
for the estrogen receptor protein in the absence of ligand,
it is logical to assume that His524 will be flexible enough
to accommodate ligand binding. However, in the crystal
structure, the ligand is already bound and therefore, His524
is likely constrained in position. In comparing the data for
His524 in Figures 5 and 6, the MDCD results support the
contention that His524 changes its behavior in a manner
which is consistent with the role of His524 in ligand binding.
In contrast, His524 has similar RMSD values for both crystal
structure and homology model simulations.
It appears that MDCD highlights relevant residues under
conditions where RMSD does not. In conclusion, we believe
that MDCD holds promise as a biologically significant
measure of the structural changes occurring in molecular
dynamics.
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Abstract - A lot of effort has been invested in improving
the sensitivity and accuracy of sequence alignment.
However, for given a query sequence (unknown structure)
and its templates (known structure), an accurate alignment
remains a major challenge. Here, we present a protein
sequence alignment algorithm based on hybrid profile
information. In this algorithm, we use the full of onedimensional, secondary and tertiary structure information
of templates and one-dimensional and predicted secondary
structure information of query sequence, to improve the
sensitivity and accuracy of alignment. Our preliminary
results show that the sensitivity and accuracy of the querytemplate alignments could be significantly improved by
incorporating the secondary and 3D structural information.
Keywords: protein domain ； scoring matrix ； sequence
alignment； Hybrid profile

1. Introduction
Sequence alignment is the most basic and common operation in
the bioinformatics. As sequence similarity often implies
divergence from a common ancestor or functional similarity,
sequence comparisons facilitate evolutionary, phylogenetic
studies and isolation of the most relevant regions for a variety of
biological analyses [1,2]. In addition, conserved amino acids
regions in proteins are strong indicators of preserved threedimensional (3D) structural domains, so protein sequence
alignments have also been widely used in aiding structure
prediction and characterization of protein families [3,4].
A lot of effort has been invested in improving the accuracy and
sensitivity of sequence alignment. Up to date, these sequence
alignment algorithms can be divided into the following three
categories: (1) Two-sequence alignment, such as FASTA[5],
Smith–Waterman[6] and BLAST[7], most of these algorithms are
based on dynamic programming, and only use the sequence
information, so when sequence identity falls below 30%, the
accuracies of these methods drop dramatically[8]. (2) Multisequence alignment, this is a classical NP-hard problem, most of
these methods, such as CLUSTALW [9] and T-coffee[10], have
adopted heuristic algorithm as the increasing of sequence size.
However, same as two-sequence alignment, most alignment can
be error-prone especially when the sequence similarity is low (e.g.

<30%). This is largely resulted from the fact that often it is very
hard to obtain a correct scoring matrix where not only point
mutations but more importantly insertions and deletions (resulting
in gaps in sequence alignments) occurring during evolution can be
appropriately modeled. (3) Structure-based sequence alignment. It
is generally accepted that structural alignment based only on the
3D coordinates would accurately represent the corresponding
residues as well as the boundary and site of any gaps. For these
reasons, a number of structure-based alignment tools have been
reported. MASS [11] uses secondary structure elements (SSE) to
improve sequence alignment; 3Dcoffee [12] and FUGUE [13]
combine tertiary information as a more accurate scoring matrix to
improve the quality of sequence alignments; the eBLOCKs
database [14] enumerates a cascade of conserved blocks anchored
by known 3D structures. However, an accurate alignment between
a query sequence (unknown structure) and its templates (known
structure) remains a major challenge.
In theory, the more evolution and structure information adds
into the process of comparing, the more accurate of sequence
alignment can be obtained. Facing the sequence alignment
between query sequence and its templates, in this paper, we
present a protein sequence alignment algorithm based on hybrid
profile-profile information based on our previous works [15]. In
this algorithm, we combine the full of one-dimensional, secondary
and three-dimensional information of templates and onedimensional and predicted secondary information of query
sequence, to improve the sensitivity and accuracy of alignment.
Our preliminary results show that the sensitivity and accuracy of
the query-template sequence alignments could be significantly
improved by incorporating multi-level structure information,
especially, when the similarity of query and template are below
30%.

2. Domain Clustering Templates Database
Proteins and their structures can be largely described as
combinations of conserved protein domains. This motivates us to
construct a domain-based template database to increase the
likelihood of widely applicable structure templates.
We first searched all the InterPro domains in PDB and built a
mapping the corresponding protein structures in the PDB. From
the protein family and supefamily databases, such as Pfam, SCOP,
SMART and TIGERFAM, we then obtain the consensus
sequences for each InterPro domain. Next, we partitioned the
structural correspondences from the PDB for each InterPro
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domain, and constructed a primary domain cluster. For each
domain cluster, we compared all the sequences involved,
then chose and refined the domain cluster by removing the
structure whose sequence and structure similarity is less
than a pre-defined threshold.
To highlight the conserved structural regions in each
domain cluster, we superimposed these conserved
structures and generated a multiple structural alignment
for each domain cluster, purely from the backbone
coordinates of residues. Since this structural alignment is
independent of the sequence similarity, it provides more
sensitive and position-specific signatures than the sequence
alignment. Detail of construction the database is shown in
[15].

Figuer1. Two typical structural ensembles of conserved
domain cluster
Two typical structure ensembles are illustrated in
Figure1. Figrue1A shows the structure ensemble of
domain cluster IPR000108, and includes 18 individual
structures. All the RMSD of the structures involved are
less than 1Å. Figure 1B shows the structure ensemble of
PDZ domain cluster (IPR001478) with including 41
structures. All the RMSD of the structures involved are
less than 3Å.

3. Hybrid Profile-Profile Protein Sequence Algorith
Based on the characteristics of our templates database, we
present a protein sequence alignment algorithm based on
hybrid profile-profile information. The flowchart of the
algorithm is shown in Figure2. The calculation of the
scoring matrix for each module in the hybrid algorithm is
specific described as follows:
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Figure2. The flowchart of the hybrid profile alignment
algorithm

3.1. The profile of multi-level information for template
To highlight the structural information, for each template
in the database, we will extract three profiles from its
sequence, secondary structure and tertiary information.
Given a template, we first extract a 3-d profile according
to its structure alignment in the template database. The
profile is so-called position-based scoring matrix, T3(p,a),
which has N rows and 21 columns. N stands for the length
of consensus sequence of the template, and the first 20
columns in each line on the behalf of 20 kinds of amino
acids appear in their different scoring position p, the last
column indicates that gap percentage or weight Tweightgap
in position p.
For the multiple structure alignment of each template in
the database, we define W(p, b) to record the weight of
amino acid b appearing in position p. Supposed that amino
acid b appears n(p, b) times at position p, then
W(p, b) = n(p, b) /M
(1)
where M is the sequence number in the multiple structure
alignment.The position-based scoring matrix T3(p, a)
calculation as follows:

T3 ( p, a)  b1W ( p, b)  Y (a, b) (2)
20

where Y(a, b) is general scoring matrix, here we just use
BLOSUM62.
About the secondary structure information, since every
template has 3D structure in the database, we first get the
corresponding secondary structure elements (SSE) for each
template using the DSSP program, then based on the
structure alignment, we obtain the 2-d profile, T2(p, s),
which has N rows and 3 columns. Each row vector
V(i) = (PHelix, PSheet, PLoop)
(3)
which indicates the proportion of secondary structure αhelix, β-sheet, and other secondary structures of loop at
position i. As we know, DSSP defines 8 kinds of SSEs: H
(alpha helix), B (residue in isolated beta-bridge), E
(extended strand, participate in beta ladder), G (3-helix), I
(5-helix), T (hydrogen bonded turn), S (bend) and coil
(irregular curve), in our algorithm, we convert this eight
SSEs into three categories: H and G are converted into
helix; E and B are converted into sheet; others are
converted into loop. So,
V(i, j) = (s1,s2,s3)
(4)
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s1, s2 and s3 just value 0 or 1, where 1 indicates sequence j
at position i belonging to the corresponding SSE. Then,

V (i , k ) 



M
j 1

Sk



S   j 1 S2   j 1 S3
j 1 1

M

M

M

(5)

we can finally obtain the score matrix S(i, j). From the
calculation of the S(i, j), we can find that more similar of
amino acid and structure in query and template at corresponding
position, the higher of related value in scoring matrix.

3.4.Hybrid profile-profile alignment

where M is the sequence number of the template cluster,
k=3，means the 3 types of SSEs, and V(i,1)+V(i,2)+V(i,3)=1.
For the sequence information of template, we just use
the psi_blast or clustalw program to generated a multisequence alignment for each template cluster, and obtain
the 1-d profile, T1(p, a) based solely on the weight of
amino acids W(p, b). The calculate method of T1(p, a) is
same with that of T3(p, a).

3.2. The profile of multi-level information for query sequence
We first extract the sequence of templates and build into a
sequence database, named Whole_seq. Then for a given
query sequence, we search some high similarity sequences
in Whole_seq, and using these sequences and query to
construct a multiple sequence alignment, and final obtain
the 1-d profile of query sequence, Q1(p, a). The calculate
method of Q1(p, a) is same with that of T3(p, a), and the
last column in Q1(p, a) is the gap penalty Qweightgap.
For the secondary structure information of query
sequence, we first predict it’s secondary structure using
PHD or other methods. After we obtain the SSEs of query
sequence, the calculate method of Q2(p, s) is same with
that of T2(p, s).

3.3.The scoring matrix
We define S(i, j) is a similarity score of the position i in
template comparing with the position j in query, The
scoring matrix S(i, j) in our hybrid algorithm is calculated
as follows:
We first define

S ' (i, j )  P(i, j )*exp( *(1  Qweight gap ( j ))*(1  Tweight gap (i))
* pearson(Vi ,V j ))
(6)

1 N ( x  x)( yi  y )
where pearson( x, y )   i 1 i
(7).
n
 ( x) ( y )
T(1,3) = β1 * T1 + β2* T3
(8)
and β1 + β2= 1, here T (1,3) is a linear combination
between 1-d profileT1 and 3-d profileT3. Since the
sequences in each template cluster have high similarity, the
structure alignment has little different from sequence
alignment, so we take β1 = 0 and β2 = 1. P(i,j) = Ti * Qj, is
the dot product of the ith-row vector in T(1,3) with the jthrow vector in query sequence Q. Qweightgap(j) and
Tweightgap(i) are the gap weights of query and template. Vi
and Vj are the ith-row vector and jth-row vector in 2-d
profiles of template and query, respectively. α is the
adjustment parameter.
Since the values in S’(i, j) are related to the query
sequence and the templates involved, after normalization,

Our hybrid profile-profile alignment uses a dynamic
programming method. The process of alignment can be
described as follows:

E (i, j )  MAX ( E (i, j  1)  T _ Gext [i 1] , H (i, j  1)

T _ Gext [i 1]  T _ Gopen[i 1] )
(1)

F (i, j )  MAX ( F  i  1, j   Q _ Gext [ j 1] , H (i  1, j )
Q _ Gext [ j 1]  Q _ Gopen[ j 1] )
(2)

H (i, j )  MAX ( H (i  1, j  1)  S (i  1, j  1),
E (i, j ), F (i, j ))

(3)
Where S, T_G and Q_G are Scoring matrix and Penalty
vector, H(i,j) is the maximum score of the query-template
alignment. In this algorithm, we use the affined gap
penalty.
T_Gopen|ext(i)=G’open|ext*exp(Wloop(i))
(4)
Wloop(i)=γ1*(1-Tweightgap)*(1-1.25*Ploop(i))
(5)
Q_Gopen|ext(j) = G’open|ext*exp(Wloop(j))
(6)
Wloop(j)=γ2*(1-Qweightgap)*(1-1.25*Ploop(j))
(7)
Ploop(i) and Ploop(j) are the loop weight of position i in
template and position j in query sequence. Formulas (3)
and (4) are penalty of template; formulas (6) and (7) are
penalty of the query sequence. The values of G’open|ext adapt
4.71 and 0.37 from reference [16]. γ1 and γ2 are adjustment
factors. In general, insert or delete exists in the coil region
of the secondary structure, from the formulas (5) and (7),
we can find that the bigger of weight of loop, the smaller
of corresponding penalty.

4. Results and Discussions
In order to validate our hybrid profile algorithm, we take
two kinds of experiments from the features of alignment
sensitivity and alignment accuracy.

4.1. Sensitivity Experiments
4.1.1. Dataset
Supposed the length of structure alignment for template
clustering in the database is L, and there are n positions
that a query sequence and template have same residues,
then the similarity is: S = n / L. In this experiment, we
divide the sequence in the template database into 3
categories: Category I: similarity less than 30% (low-simiset, total 512 sequences); Category II: similarity between
30% and 50% (mid-simi-set, total 437 sequences);
Category III: similarity between 70% and 90% (high-simiset, total 109 sequences).
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4.1.2. Results and Analysis
In order to ascertain that the hybrid profile algorithm can
improve the sensitivity of alignment, we select BLASTP,
SSEARCH and Tri-profile as the comparative reference, to
search various types of dataset in the whole template
database. The search results as shown in table 1.

From table1, with the similarity rising, all the 4 methods
have greatly improved on the hit rate, but the methods
joining the three-dimensional structural information (such
as tri-profile and our hybrid) are better than others. Also,
the hit rate of our hybrid profile algorithm is highest in
these 4 methods, especially in the low-similarity region. So,
the experimental results suggest that adding secondary and
3D structural information can improve significantly the
sensitivity of alignment results.

4.2. Accuracy Experiments
4.2.1. Dataset
In this experiment, we take two kinds dataset, internal and
external dataset. We select all the sequences for the
template database, whose similarity less than 50%, as the
internal dataset. Also, we choose a number of protein
sequences out of the template database as the external
dataset. Here, all the external dataset come from CASP7
contest.

4.2.2. Results and Analysis
Since the structure alignment is regarded as the most
accurate alignment, in this experiment we use the structure
alignment as the reference, and use RSA (Relative
Sequence Alignment) as the mainly evaluate measure to
judge the accuracy of alignment. The RSA is calculated by:

RSA 

the length of same region in both sequence alignment and structure alignment
the length of structure alignment

That is, the bigger of RSA value is, the more similar of the
sequence alignment and structure alignment are.
We have chosen Needleman, clustalw, T-Coffee and Triprofile algorithms to compare with our hybrid profile
algorithm. Figure 3 shows the RSA of various alignment
methods in internal and the external dataset. From the two
diagrams，we can find that our hybrid profile algorithm is
superior to other algorithms in both internal and the
external datasets. It further indicates that using both the
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secondary and 3D structural information can improve
significantly the accuracy of alignment results.

Figure3. (A)The RSA of internal dataset, (B)The RSA

of external dataset.

5. Conclusion
In this paper we presented a hybrid profile protein
sequence alignment algorithm based on the multi-level
structure information. For given query and template
sequences, we first extract the multi-level profile of
template using its sequence, secondary and 3D structure
information, and then we construct the profile of query
using its sequence and predicted secondary structure
information. Final, using the hybrid profile alignment
algorithm, we can obtain the more sensitivity and accuracy
alignment result. Our preliminary results show that
incorporating the secondary and 3D structural information
can improve significantly the sensitivity and accuracy
protein sequence alignment.
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Abstract - In the quest of predicting protein structures, one
inevitable challenge is to identify near-native decoy
structures from a large ensemble of decoys. While root mean
square deviation (RMSD) clustering method and its varieties
can do the job to some extend, we propose a new method,
kernelling method, and prove that it is not only capable of
picking out the best decoys, but also evaluating the absolute
quality of the chosen decoys. Based on the same "entropy"
hypothesis as RMSD clustering method, the new method
measures structure similarity directly, and can identify good
decoys that may be missed by RMSD clustering method.
Keywords: protein, structure, contact, cluster, kernel, native.

1 Introduction
While a protein can fold into its native structure within a
second under physiological conditions [1, 2], it has been a
long-standing puzzle to researchers about how exactly it
folds. Understanding protein folding is a fundamentally
important biological subject. This is not only because
protein structure is critical to protein function, but also
because incorrectly folded proteins, prions [3], can lead to
various kinds of diseases such as Alzheimer's, mad cow
disease, and some cancers. Existing experimental tools to
determine protein structures, X-ray, NMR and Electron
Microscopy, are expensive and slow. As a result, in this post
genomic age, few percent of the sequence-solved proteins
are solved in structure. With the development of structural
biology, close interdisciplinary collaboration, and evergrowing computer resources, computational prediction of
protein structures has become not only valuable, but also
indispensable.
In the protein structure prediction, there are three
challenges. The first is about using realistic potentials for ab
initio folding or turning to the database of known protein
structures for template-based folding. The second is about
selecting near-native decoys from folding-generated
ensemble of decoys and differentiating well folded structures
from poorly folded. The third is about interpretation of the
folding process in the biological perspective. Our method is
to address the second challenge.
For a large number of protein decoys generated by some
prediction methods, such as ab initio method or a mixture of
several methods in the case of CASP (Critical Assessment of
protein Structure Prediction, http://predictioncenter.gc.
ucdavis.edu/, [4]) competition submissions, clustering of the

decoys for near-native identification helps to simplify the
data analysis by reducing the number of decoys. There are
several measures of structural similarity that can be used for
clustering including RMSD [5], distance matrices [6] and
contact map overlap [7, 8]. The most popular method has
been RMSD clustering method and its varieties [5, 9-11].
However, despite the time-consuming issue of the method,
RMSD clustering is an indirect measure of structural
similarity and could possibly miss some good structures
(slightly distorting a structure at a loop position can cause its
RMSD to go up sharply while its local structures stay the
same.) Contact map overlap measure has been used mostly
for protein structure classification. Here we use it to cluster
decoys to identify near-native structures.
The hypothesis that has underlain RMSD clustering [1, 5]
is that the basin or minimum in the energy landscape
containing both native and decoys must have a partition
function which is much larger than any other ensemble of
structurally similar conformations. We utilize the same
hypothesis, but we take a different direction.
The data set we use to develop and validate our
method contains 303 in-house-selected non-redundant
bacteria protein domains with chain length ranging from 30
to 110. We use the Rosetta algorithm [12] with parallel
tempering [13] to fold the 303 domains and have generated
about 1000 decoy structures for each domain.

2

Methods

We define a contact as the Cβ atoms of a pair of amino
acids being within a cutoff distance Rc provided that there
are Nexcl (excluded) amino acids between them along the
protein backbone. If a contact of a decoy conformation also
appears in the native structure, this contact is a native
contact; otherwise, it is non-native. We try some varieties of
cutoff, either uniform Rc = 8 Å (one value for all 210 amino
acid pairs) or differential (210 values derived according to
individual amino acid properties), with either abrupt or
fading cutoff. Figure 1 illustrates this scheme.
Given a protein conformation, according to the contact
definition, one can build a contact map (also called a 'map' in
the following text), which lists all the amino acid pairs that
are in contact. We call the intersection of the contact maps
“a kernel”, whether it is the intersection of two contacts
maps or more, and thus the name of our method
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“kernelling”. The number of contacts in the kernel is the
kernel's size. Figure 2 illustrates the kernelling process.

kcalib = k / Nexpt

(1)

where k denotes the kernel size. Effectively, kcalib no longer
has chain length dependence, unlike the kernel size k.

3

Results

We implement our kernelling method in two approaches:
one is dynamic kernelling approach, and the other is
maximum (max) kernel approach.

Fig. 1 Different cutoff definitions: uniform (8 Å, straight)
or differential (diff, zig-zagged). The inset has Cβ-Cβ distance
as its x-axis and illustrates two possible cutoff boundaries:
abrupt or fading cutoff, with Rcmax = Rc +1 Å.

For the dynamic kernelling, we keep on kernelling more
contact maps until either the calibrated kernel size kcalib
drops under a preset value (0.6 in practice), or the total
number of kernelled maps reaches a preset maximum
number (100 is used in our practice so that computing cost is
limited). We expect that, in general, the better the decoys
(similar to native protein in structure), the more maps we can
kernel. Figure 3 shows the relation of the best fraction of
native contacts (Fn) each decoy ensemble of the 303
domains and the final number of kernelled maps, and it
generally confirms our expectation. Moreover, as the lines
quantitatively exhibits, if we can dynamically kernel more
than 40 maps for a domain, it means that its best of all
(bstAll) fraction of native contacts FnbstAll is most probably
more than 60% (or 0.6); on the other hand, if FnbstAll is less
than 60%, the dynamic kernelling cannot go beyond 40
maps. This statement is true for 302 out of 303 domains 99.7% accuracy! Likewise, if a domain's FnbstAll is larger
than 90%, then very likely that the dynamic kernelling can
do more than 50 maps; if it can only go no more than 50
maps, the FnbstAll is no larger than 90%. This is also true for
302 of the 303 domains!
By doing dynamic kernelling, we can have a general idea
about the “high water mark” of similarity to native structure
of each domain's decoy ensemble.

Fig. 2 Schematic illustration of kernelling process. Each
circle represents a contact map and the overlap part of the
maps is called a kernel.

According to the “entropy” hypothesis, the kernel size
depends both on the individual contact map sizes and their
similarity. We want to focus on the structures's similarity of
the decoys; therefore we need to factor out the contact map
size dependency. Generally the longer the chain length, the
larger the number of contacts, and we have confirmed that
the number of contacts Nexpt depends linearly on the chain
length of protein domains. We also have explored a variety
of contact definitions and found that they in fact play a
minor role. We define calibrated (calib) kernel size as

In the second approach, the max kernel approach, we first
work on finding all pair-wise kernels (about 0.5×10002 of
them for a 1000 decoy ensemble) and keep the 200 largest
kernels, then we kernel the 200 kernels with each map
(avoid self-kernelling) and again find 200 largest kernels.
This process is repeated until we find the largest kernel (max
kernel) of desired Nmap contact maps. The number 200 is
empirical, and it is better to be larger in case we miss any
large kernels but it also makes computation more expensive.
Of the Nmap decoys kernelled in the max kernel, we pick the
most-folded decoy, the one with the largest contact map,
because it is unique from the folding point of view. Then we
plot fraction of native contacts Fnmst of the most-folded
decoy against calibrated kernel size kcalib in Fig. 4 as a result
of 10-map kernelling. The solid line is linear fitting and the
linear correlation coefficient is r =0.72. The linear relation
gives us an absolute measure Fnmst, given kcalib. For example,
if kcalib >0.6, then very likely Fnmst >0.5, as the dashed lines
in the figure suggest.
In comparison, when RMSD
clustering method picks out the top decoys, it does not
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For the second approach, we can further process our
results by analyzing the histogram of the differences of the
5th-ensemble-best Fn and Fnmst of 10-map kernelling max
kernel for the 303 domains. Figure 5 shows the histogram.
13 of the 303 domains have their Fnmst better than the 5thbest Fn, and most of the differences are smaller than 0.15
(15%).

Fig. 3 Dynamic kernelling result. The final number of maps
Nmap that can be kernelled with kcalib ≥ 0.6 reveals the value
of the best FnbstAll of the decoy ensemble: if more than 40
maps can be dynamically kernelled for a domain, the decoy
ensemble's best of all fraction of native contacts FnbstAll is
most probably more than 60%; on the other hand, if a
domain's FnbstAll is larger than 90%, then very likely the
dynamic kernelling can go beyond 50 maps. (Note that 100
is the preset maximum number of Nmap and as a result there
are many symbols projected on the right vertical axis.)
Fig. 5 Histogram of the differences of the 5th best fraction of
native contacts of the decoy ensembles and the fraction of
native contacts of the most folded decoy of the 10-map
kernelling max kernel.

4

Fig.4 The linear relation between the fraction of native
contacts of the most folded decoy of the 10 decoys (in 10map kernelling) in max kernel and the calibrated kernel size
for the 303 domains of our data set: the correlation
coefficient is r =0.72 and the linear line is their linear fitting
result. A contact is defined as Nexcl =2 and using differential
cutoff with fading. The dashed lines show that if kcalib >0.6,
then very likely Fnmst >0.5.

provide any information on how these decoys are similar to
the native protein in structure.

Conclusion

We have presented a new method, kernelling method, to
identify the near native decoys in the decoy ensembles
obtained by the protein folding program Rosetta. Our
method is implemented in two approaches. The first
approach, dynamic kernelling approach, can extract
information about the best fraction of native contacts of an
ensemble; the second approach, static kernelling or max
kernel approach, relates the calibrated kernel size with the
fraction of native contacts of the most folded decoy in the
max kernel. It not only provides a way to identify the near
native decoys, but also reveals the fraction of native contacts
in a direct way. In comparison to RMSD clustering method,
the latter is a clear advantage. Therefore, the new method is
not just an alternative to RMSD clustering. The combination
of the two methods can improve our capability to identify
near native decoys in the protein folding endeavor.
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Abstract—Protein Secondary structure prediction is essential
for the tertiary structure modeling, and it is the one of the
major challenge of bioinformatics. In this article, we proposed
a gradually enhanced, multi-layered prediction systematic
model, Compound Pyramid Model (CPM). This model is
composed of four independent coordination's layers by
intelligent interfaces, synthesizes several methods, such as
SVM, KDD* process model and so on. The model penetrates
the whole domain knowledge, and the effective attributes are
chosen by Causal Cellular Automata, and the high pure
structure database is constructed for training. On the RS126
data set, state overall per-residue accuracy, Q3, reached
83.99%.On the CB513 data set, Q3 reached 85.58%.Meanwhile,
on the CASP8's sequences, the results are found to be superior
to those produced by other methods, such as SAM,PSI-Blast,
Prospect, JUFO, and so on. The result shows that our method
has strong generalization ability.

the regularity of the α helical backbone conformation;
however, both have unusual conformational abilities and are
commonly found in turns. Amino acids that prefer to adopt
helical conformations in proteins include methionine, alanine,
leucine, glutamate and lysine ("MALEK" in amino-acid 1letter codes); by contrast, the large aromatic residues
(tryptophan, tyrosine and phenylalanine) and Cβ-branched
amino acids (isoleucine, valine, and threonine) prefer to
adopt β-strand conformations. However, these preferences
are not strong enough to produce a reliable method of
predicting secondary structure from sequence alone.
Secondary structure in proteins (shown as Figure1.)
consists of local inter-residue interactions mediated by
hydrogen bonds, or not. The most common secondary
structures are alpha(C) helices(H) and beta(E) sheets.

Keywords- Compound Pyramid Model, Protein secondary
structure Prediction, Hybrid Prediction Model, Data Mining

I.

INTRODUCTION

In biochemistry and structural biology, secondary
structure is the general three-dimensional form of local
segments of biopolymers such as proteins and nucleic acids
(DNA/RNA). It does not, however, describe specific atomic
positions in three-dimensional space, which are considered to
be tertiary structure.
Secondary structure in proteins consists of local interresidue interactions mediated by hydrogen bonds, or not. The
most common secondary structures are alpha helices and
beta sheets. Other helices, such as the 310 helix and π helix,
are calculated to have energetically favorable hydrogenbonding patterns but are rarely if ever observed in natural
proteins except at the ends of α helices due to unfavorable
backbone packing in the center of the helix. Other extended
structures such as the polyproline helix and alpha sheet are
rare in native state proteins but are often hypothesized as
important protein folding intermediates. Tight turns and
loose, flexible loops link the more "regular" secondary
structure elements. The random coil is not a true secondary
structure, but is the class of conformations that indicate an
absence of regular secondary structure.
Amino acids vary in their ability to form the various
secondary structure elements. Proline and glycine are
sometimes known as "helix breakers" because they disrupt

Figure 1.

Protein Secondary Structure

Predicting protein tertiary structure from only its amino
acid sequence is a very challenging problem, because the
secondary structure based only on its sequence, so using the
simpler secondary structure to predict protein tertiary
structure is very important, and it has been the focus for
research for a long time.
Although, the 8-state DSSP code is already a
simplification from the continuous variation of hydrogren
bonding patterns present in a protein the majority of
secondary prediction methods simplify further to the three
dominant states: Helix, Sheet and Coil. How the conversion
is made from 8- to 3-state varies between methods. Early
methods of secondary-structure prediction were based on the
helix- or sheet-forming propensities of individual amino
acids, sometimes coupled with rules for estimating the free
energy of forming secondary structure elements. Such
methods were typically ~60% accurate in predicting which
of the three states (helix/sheet/coil) a residue adopts. A
significant increase in accuracy (to nearly ~80%) was made
by exploiting multiple sequence alignment; knowing the full
distribution of amino acids that occur at a position (and in its
vicinity, typically ~7 residues on either side) throughout
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II.
A.

RELATED WORKS

KDTICM Theoretical Basis
The author [1] originally brought forward a new
researching direction which researching data mining based
on inner cognitive mechanism; the core idea is that regarding
the process of data mining as a process of cognizing, the
knowledge discovery system as cognize system, applying
system info and cognitive science to research complicated
knowledge discovery system. The author also constructs

Knowledge Discovery Theory based on Inner Cognitive
Mechanism [10].
• Double bases cooperation mechanism
Based on “intention creation” and “psychology
information restore” in cognitive psychology, we find the
relationship of database and knowledge base under specific
construction in the process of KDD; demonstrate the
conformation mapping theorem; design the heuristic
coordinator and the maintaining coordinator; resolve puzzles
of “directional searching”, “directional mining”, independent
discovery and real time maintenance.
1) Conformation mapping theorem: There is an
equivalent relations between the inferential category of
universe X, Cr(Ν) and complete data substructure reachable
category C∝<γ，ℜc(γ)>.
2) This theorem establishes the one-to-one
correspondence between knowledge single node and “data
substructure” in database (As shown in figure 2). Double
bases cooperation mechanism resolves fundamentally the
problem of “directional searching” and “directional mining”.
Supposed and realized two cooperated algorithms: firstly,
real time maintenance for domain knowledge base through
maintenance cooperate algorithm and component; secondly,
find knowledge shortage independently to produce intention
creation through the heuristic coordinate algorithm and
component.
3) Proposing further discussion of double basis
cooperation mechanism, such as probability estimation
theorem of accessible relation.
Sub-Knowledgebase(For universe X) Sub-Database(For universe X)

Knowledge single
node Pi
Knowledge
compound node

evolution provides a much better picture of the structural
tendencies near that position. For illustration, a given protein
might have a glycine at a given position, which by itself
might suggest a random coil there. However, multiple
sequence alignment might reveal that helix-favoring amino
acids occur at that position (and nearby positions) in 95% of
homologous proteins spanning nearly a billion years of
evolution. Moreover, by examining the average
hydrophobicity at that and nearby positions, the same
alignment might also suggest a pattern of residue solvent
accessibility consistent with an α-helix. Taken together, these
factors would suggest that the glycine of the original protein
adopts α-helical structure, rather than random coil. Several
types of methods are used to combine all the available data
to form a 3-state prediction, including neural networks,
hidden Markov models and support vector machines.
Modern prediction methods also provide a confidence score
for their predictions at every position.
Reviewing the development history of protein secondary
structure prediction, many approaches are continuously
benchmarked, such as support vector machines[22], hidden
Markov models[23], data mining[4,5], and so on. And there are
also some methods at present: PSIPRED, SAM, PORTER,
PROF and SABLE got more accurate prediction. But we can
find that these methods, to some extent, possess problems,
such as accuracy is low(less than 80%[3]), many field
knowledge haven’t been enough applied and so forth.
Applying mixed method, such as HYPROSP II model[7][8], is
the mainstream of researching method, but how cooperate
between different method is need to research. Those kinds of
models can improve prediction accuracy in a certain extent
to about 80%, but the prediction stability is not very good. It
is urgent to propose a novel and more accurate method.
To solve these problems, we first introduce a novel,
multi-layer improving prediction system model—Compound
Pyramid Model(CPM), which combine KDD*[24] model
based on KDTICM theory [9] , SAC[25], AAC[25] and so on.
Experiments show that the CPM can achieve excellent Q3[26]
score on RS126[27], CB513[28] and CASP8[29], shown as
Tab.1,2 and Figure.4,5.
The article is organized as follows: We describe
KDTICM Theoretical Basis, testing datasets, and evaluation
of prediction accuracy in section2. In section3, we have a
detailed introduction to Compound Pyramid Model. In
section 4, we present the results of experiments, and analysis.
In the final section, we conclude and discuss the future
research directions.

Knowledge
single node
Pj
Knowledge
single node
Pk

decompound

Figure 2.

•

To Si’s
certain layer

Si
To Sj’s
certain layer

To Sk’s
certain layer

Sj
Sk

Knowledge single, compound node and their relations in
Knowledgebase

KDD*--new process model derive from double
cooperation mechanism
We integrate the double basis cooperation mechanism
and construction of two cooperators into classical KDD
process, form the new process model- KDD* independently,
then change the old knowledge discovery process essentially.
KDD*process model as shown in Figure2:
1) Lack of original knowledge discovery process model
KDD in technology and function:
①Domain knowledge cannot step in the process of data
mining (knowledge discovery) substantially.
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② System cannot mine the knowledge shortage
independently.
③To make sure the direction of miming and focus only
according to user’s interests, will bring on a great deal of
repeated, redundant rules; it cannot match the knowledge
shortage of itself.
④Cannot maintain knowledge base dynamically on real
time.
⑤Implement of model is on the base of semantic.
2) Aiming at shortage above mentioned, KDD*[41][42]
process model given the innovated method and implement
technology, details as Figure 3:
M o v e t h e r u le s o b t a in e d in t o

M a in t a in in g c o o r d in a t o r

k n o w le d g e d a t a b a s e
( D ir e c t io n a l s e a r c h in g )
As s es s

O b t a in h y p o t h e t ic r u le s

D ir e c t io n a l m in in g p r o c e s s

D e r iv a t iv e k n o w le d g e d a t a b a s e

F o c us
A c c o r d in g t o
u s e r ’s d e m a n d ,

H e u r is t ic c o o r d in a t o r

in t e r e s t s .

S earc h
d isc o n n e c t e d
s t a t us
from
k n o w le d g e n o d e s in m in in g d a t a b a s e ,
d is c o v e r k n ow le d g e s h o r t a g e .

( D ir e c t io n a l m in in g )

F o r m d a t a s u bc la s s s t r uc t u r e
a c c or d in g
to
s u b - d a t a b a s es ,
c o n s tr uc t m in in g d a t a b a s e

S p l it s u b - k n ow le d g e b a s e s

S p l it s u b - d a t a b a s e s

P r e p r o c es s

S e p a r a t e k n o w le d g e n o d e s a c c or d in g t o
a t t r ib u t e s , f o r m c o nc lu s io n a r c s , c o ns t r uc t
m in in g k n o w le d g e b a s e .

R e a l d a ta b a s e

B a s ic k n o w le d g e b a s e

Figure 3. KDD* process model

①During the process of mining, domain knowledge step
in the mining process directly through two cooperators, the
idea is derived from synchronization evolution and
cooperation computation.
② System can produce directional focus through
adjacency matrix of directed hyper graph, and mining
knowledge shortage independently.
③Focus problem: direction and process of directional
mining will only produce when user ’ s interests match
knowledge shortage system find independently. So it will not
mine a great deal of repeated, redundant knowledge,
decrease rule evaluation greatly. The purpose is to decrease
search space, improve the algorithm efficiency, and provide
necessary technology support.
④With the accumulation of knowledge, the knowledge
base of knowledge will be more and more, in order to reflect
for application quickly, the maintenance coordinator added
to the new model, process the repetition, redundancy,
confliction, circle and hypostasis effectively, dynamically on
real time.
⑤The new model is based on the two cognitive features - “ intention creation ” and “ psychology information
restore” in cognitive psychology, so the new model has its
solid theory base; and the implement of this model is on the
base of theory.
• Associated analysis algorithm, Maradbcm
algorithm derived from double bases cooperation
mechanism and KDD*
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Based on KDD* process model, we supposed a new
association analysis algorithm, Maradbcm(for short, we call
it as M algorithm )[10].
Process as followed:
Input: Rule strength threshold Min_Intensity, support
threshold Min_Sup, confidence threshold Min_Con;
Output: Association rule base KD.
1. Data preprocess;
2. When “shortage of knowledge” is detected
3. Create K2;//Km denotes the shortage knowledge
whose length is m, namely Km={r| Len(r)=m}.
4. m = 2;
5. Create hypothesis of knowledge Km; // Directional
mining the shortage of knowledge ri in Km.
6. Repeat
7.
For every ri in Km
8. If (ri is conformed with present knowledgebase &&
the measure of ri is qualified)
9.
move ri into KD, update reachable matrix;
10. Else
11.
delete ri;
12. Endfor;
13.
m = m+1;
14. Until Km= ;
15. EndWhen;
B.

Testing Data Sets
We have used three different datasets to develop and test
our novel method. They are:
RS126[27]: This original set of 126 sequences by Rost and
Sander , currently correspond to a total of 23,363 amino
acids positions (this number has varied slightly over the
years due to changes and corrections in the PDB).
CB513[28]: This dataset of 513 sequences was developed
by Cuff and Barton with the aim of evaluating and
improving protein secondary structure prediction methods. It
is, perhaps, one of the most used independent dataset in this
field.
CASP8[29]: Critical Assessment of Techniques for Protein
Structure Prediction (CASP), is is an international
competition for protein structure prediction taking place
every two years since 1994. And it is considered to be of
protein structure prediction Olympic game. Each race will
offer a number of protein sequences which structure has been
determined by experiment, but unpublished. CASP provides
users of structure prediction servers with an opportunity to
assess the quality of the various methods and servers. We
extracted 68 protein sequences of the latest meeting CASP8
as testing dataset.
C.

Evaluation of Prediction Accuracy
Structure prediction methods are evaluated on the three
states, alpha-helix, extended-strand and coil (or loop). The
remaining states are assigned to one of these states. There are
different measures used to assess secondary-structure
prediction methods. The most common measures are Q3[26].
Q3 score is defined to be the percentage of the number of
correctly estimated structures in the overall predictions, as in
(1). This measure depends on only three states
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(helix/strand/coil), hence its name is Q3. Throughout this
work three-state per-residue accuracy definition (Q3) is
adopted to measure prediction performance.
Q3 =

∑

i∈{ H , E , C }

∑

# of residues correctly predicted i

i∈{ H . E .C }

# of residues in class i

× 100

(1)

The per-residue accuracy ( Q H , Q E , QC , QHpre , QEpre , QCpre )
for each type of secondary structure is calculated as:
Q i (%) =

# of residues correctly predicted i
× 100
#of residues in class i

Qipre (%) =

#of residues correctly predicted i
× 100
#of residues predictedi

(2)

(3)

Where conformation state i can be H, E, or C.
III.

COMPOUND PYRAMID MODEL

For non-trivial problems, such as protein secondary
structure prediction, the general single-method models and
simple combinations of prediction models, could not obtain
satisfied prediction results. The compound pyramid model
adopts gradually refining, multi-hierarchical configuration,
in which the layers focus on independent functions, so that
this model get the higher prediction accuracy comparatively.
Its configuration is shown in Figure4.
The compound pyramid model is composed of 4 layers.
Each layer has independent function but they are also close
coordinated. The 4 layers are comprehensive analysis layer,
kernel judgment layer, assistant judgment layer and
optimization layer. Comprehensive analysis layer combines
Improved SVM method and Improved Homogenous
Analysis method. This layer takes into account the
physicochemical properties analysis and the structure
analysis of the sequence at the same time. In the kernel
judgment layer, the SAC (Structural association classifier)
module is in the core method of classification, which takes
on the classification of data that is hard to judge in
compound analysis layer and after the classification via
comprehensive analysis layer. The AAC (attribute
association classifier) module is located in the assistant
judgment layer of CPM. Through the association analysis of
the physicochemical properties of the amino acid, refinement
rule is created to predict the data of lower layers that is not
identified.
Optimization

layer

Other
Predication
methods

judgment layer

Assistant

judgment layer

Kernel

analysis layer

Comprehensive

AAC
(Attribute association
classifier)
α rules

β rules

SAC
(Structural association classifier)

SVM

①
②

Homology
Analysis

Figure 4.

compound pyramid model

(Comprehensive analysis layer integrates ISVM method and IHA method,
then generates two kinds of result, one of which is denoted as ① and will
be directly sent to result database, the other of which is denoted as ② and
need further determination by SAC and AAC module. )

A. Comprehensive analysis layer
This layer is the basic layer of the whole model, integrate
homologous analyze and improved SVM, and complete the
prediction percent of amino acids more than 50%.
• The Homologous Analyze
The homologous sequence method[43] is widely used in
the field of the protein secondary structure prediction. In our
experiment, we use SNNS neural network package from
Stuttgart University, and it includes two blocks: the pair-wise
sequence alignment module and the artificial neural network
module.
Using SNNS neural network package and multi-sequence
alignment result produced by the PSIBLAST[30][31] algorithm;
first, we apply a neural network (NN) with a sliding window
of 13 residues over each amino acid in the PSSM, plus three
physicochemical properties (i.e., hydrophobic, hydrogen
bond and charge properties) as the input nodes. The network
then comprised a further nine hidden nodes and three output
nodes. The input of the standard neural network is a window,
and the output is H, E, C (three kinds of secondary
structures).Then use the second NN input is to change PSIBLAST PSSM for HMMER[32] profiles, other input Ibid.
Each of the networks were combined and the average taken
for each predicted state, be it helix, strand or coil. The
outputs from each of the networks trained previously were
also taken and positions examined where the predicted state
was identical in all methods.
Predicting protein's secondary structure according to the
former two NNs. For positions where there was a “jury
agreement” (identical predictions by all methods) were
classified as “identical”. Residues where the predictions did
not all agree were classified as “no identical” positions.
Positions where there was a full agreement in the predicted
state between the different neural network methods were
taken as the final prediction. Positions where there was “no
identical” were used to train a separate neural network (i.e.,
the second level BP networks). The final prediction was
obtained by replacing the original “no identical” positions
with the predictions from this network.
•
The SVM module
SVM multiple classification [5] modules are in the
comprehensive analysis layer of compound pyramid model.
It is much simpler to construct one SVM binary classifier
than NN. In the case of NN, an appropriate structure of NN
is dependent on the skill of the designer. However, here we
only need to select a kernel function and regularization
parameter C to train the SVM. Our substantial tests show
that the RBF (radial basis function) kernel, defined as,
(4)
K ( xi , x j ) = exp(−γ || xi − x j ||2 )
RBF is appropriate for complex classification problems,
when parameters and C are selected from the optimization
process. The optimized parameters chosen based on the
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results of each step and in both binary classifiers, are γ =
0.05 and C = 2.0 on RS126 set, γ = 0.05 and C = 1.0 on
CB513 set, γ = 0.05 and C = 1.0 on CASP8 set. We
construct the SVM classifiers with these parameters
respectively.
Before constructing a tertiary classifier, we first construct
several SVM binary classifiers including three one-versusrest classifiers (say,” one”: positive class,” rest”: negative
class) named H/~H,E/~E and C/~C, and three classifiers
named H/E,E/C and C/H which distinguish the sample
between each of two states. For example, the classifier H/E is
constructed on the training samples having helices and sheets
and it classifies the testing sample as helix or sheet.
The goal of the machine learning approach to secondary
structure prediction is to construct a tertiary classifier with
good prediction performance. We achieve and improve the
method [33] in the compound pyramid model. The method is
based on three one-versus-rest binary classifiers (H/~H, E/~E,
C/~C) and three one-versus-one binary classifiers (E/C, C/H,
H/E). Three cascade tertiary classifiers, SVM-TREE1 (H/~H,
E/C), SVM-TREE2 (E/~E, C/H), and SVMTREE3(C/~C,
H/E), are made up of two binary classifiers. In the SVMMAX-D tertiary classifier, the class for a testing sample is
assigned as that corresponding to the largest positive distance
to the optimal separating hyper-plane among SVMTREE1,
SVM-TREE2, and SVM-TREE3 classifiers. The SVM
VOTE classifier combines all six binary classifiers using a
simple voting principle: the testing sample will be predicted
to be in state i if the largest number of the six binary
classifiers classifies it as state i. SVM JURY use the jury
technique to combine all the results of the tertiary classifiers.
Learning strategy for large-scale sample sets is as
followed:
Despite SVM has been proven to be a very effective
machine learning method and researchers have been putting
a lot of effort in the speed of optimization problems, for
large-scale sample sets, particularly in many cases of support
vector, optimization speed and classification speed are still
not satisfactory. Obviously, the speed of training will be
much faster for small-scale training set. The key lies in the
scale reduction in the size of the large-scale training set
without reducing the classification accuracy rate. To solve
this problem, this article try to use this strategy : First of all,
get an initial classifier with a small-scale sample training set,
and then use this classifier to prune large-scale training set
for obtaining small-scale reduction set. Finally, using this
reduction set for training to get the final classifier.
B.

Kernel judgment layer
Kernel judgment layer applies KDD* model and M
algorithm to mining the database RS126, we construct SAC
(Structural association classifier) module to classify those
rough data. Database RS126 comprises 126 un-redundant
proteins; the similar between every protein is less than 25%.
We apply cross validation to classify RS126 into ten subclasses for training rule, and then construct classify rule
database.
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Kernel judgment layer is based on the correlative effects
among protein secondary structures. In other words, the
conformation affects information among secondary structure.
The basis of the core theory is KDTICM established by our
research institute, and the tool is the KDD * system and M
algorithm which can mine the highly precise association
rules with good fitness from the training data. The
association rules described the effects between secondary
structures. Experiments demonstrate that by applying
surprise rule, SAC module can gain more accurate
classifying results.
Some research literatures show that those twelve amino
acids, which close to the aim amino acid, have played great
influence to the aim amino acid. So in the process of KDD*
mining, we use slide window and set its’ length as 13, which
makes the aim amino acid in the middle of window and those
twelve amino acids at the head or tail of the window.
The essence of SAC method is associate rule classifier.
During the process of mining, we use alpha helix, beta-sheet
and c-coil as H rule class, E rule class and C rule class
respectively, and then construct protein secondary structure
database by those three rule classes, which point out the
relationship of structure between those twelve amino acids
and aim amino acid.
SAC method uses the relevant information of protein
secondary structure, protein repository mined by KDD* and
CMAR（classification based on multiple association rules）
algorithm to multi-classify protein secondary structure.
CMAR is a mending algorithm on CBA method, as shown in
Figure 5.
P rotein window

Window

type

known?
N
Y

Search in alpha helix

Search in beta class

Search in c-coil class

class

CMAR

Classify into H, E,C

unkown

The last

N

window
Next window
Y

End

Figure 5. SAC method

Algorithm . SAC classify algorithm
1. Set amino acid sequence to windows
2. Repeat:
3. If the window type is unknown then
4. Search rule class in
5. Search rule class in
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6. Search rule class in
7. Run CMAR on 、 、 to construct new classifier
8. If classifying can be done then
9.
Evaluate the protein window
10.
Else
11.
Sign the window as un-evaluate
12. End
13. Else
14.
Judge the next window；
15. End
16. Until the last window
This system can gain associate rules with high accuracy
and fitness form training data, which can point out the
relationship in secondary structure among closing proteins.
We use these rules, improved CBA algorithm to construct
SAC module.
The analysis result by SAC module is based on the
classifying data from comprehensive analysis layer, which
ensure that SAC module can gain high accuracy.
Assistant judgment layer
The core of this layer is AAC (Attribute association
classifier) module. Through the association analysis for the
physical and chemical properties of the amino acid,
refinement rule base is created and use CBA algorithm to
predict the lower layers of data that is not determinable.
The main tool is also the KDD * system based on the
original theory KDTICM and the improved CBA algorithm
of our institute. Through the alpha, beta rules generated by
the KDD * the system, the refined alpha, beta rule bases are
obtained after a certain degree of reduction. By using the
CBA algorithm, the threshold of support level and
confidence level applied to the alpha, beta is received
through the repeated experiments. The results are reliable
through the experimental verification. It is proved that the
alpha, beta rule bases and the threshold of support level and
confidence level we obtained can be fixed as knowledge and
embedded in the integral pyramid model.
In the process of prediction, we apply classifying
algorithm that is similar to SAC. According to the
characteristics of protein bio-data, we also break the
convention, and abandon the use of a common database in
the process for generating rules. We use the protein database
of which the contents are relatively biased toward alpha,
beta-protein respectively at a high starting point. Therefore,
the long-standing problems that the support level and
confidence level of the generating rules exit in the protein
mining association rules are low and the rules are not reliable
is solved. There is a relatively increase of the accuracy
compared to the former common protein database proved by
experiment.
In our nearest current research, a multi-relational
classification method, Redtrees, which is designed by us, is
expected to take the place of AAC component. The original
data environment of protein structure data is of multiple
relationships, so that it would be more suitable to adopt
Redtrees in the assistant judgment layer of CPM. Meanwhile,
it had obtained higher accuracy than AAC over 30%.

Consequently, the CPM’s prediction performance might
hopefully be better in the future.
D.

Optimization layer
This layer mainly design 3 methods of tendency factor,
potential function and reasonable inference, the first two
kinds methods are attribute to bioinformatics methods, these
methods predict the structure using bioinformatics
background, reasonable inference method is on the base of
the physical and chemical properties rules which every kinds
of secondary structure behaves, these three kinds of method
optimize the results of three layer, then it can improve the
whole predict accuracy.
E l e c t ri ci t y

h y d ro g en b o n d
C a rb o n c i rcl e

F at

A mi n o a ci d s ec o n d ary
s t ru ct u re
R es id u e s ize
h y d ro p h o b i a

C.

E l e c t r i c q u an tity

Figure 6.

Causal Cellular Automata

It is noticeable that compound pyramid model use Causal
Cellular Automata [13] based on knowledge discovery to
research the causal relationship between amino acids in some
properties such as hydrogen bond, hydrophobia, electricity,
carbon circle, electricity, residue size, fat and electric
quantity et al. These research results reduce the complexity
of this mode, simplify physical and chemical properties and
can be used for further analysis foundation.
IV.

EXPERIMENT & ANALYSIS

We select RS126 and CB513 datasets in our experiment.
The structure of databases RS126 and CB513 are similar. At
the same time, we use Q3 as evaluation standard, which is
denoted as percent of accurately predicting amino acid in
total amino acid. Each layer’s results of CPM are shown in
Tab. 1, Tab.2. At the same time, we have found the best 6
secondary
structure
prediction
servers
from
internet(including PSIPRED[34] ， SSPRO[35] ， SAMT02[36] ， PHD Expert[37] ， PROF[38] ， JPRED[39]) as
Comparison with the RS126 and CB513 datasets.
Experimental results are shown in Figure 7. For blind dataset
CASP8, we select the best 4 servers’ prediction results as
assessment object. For blind dataset CASP8, we select the
best 4 servers’ prediction results as assessment object.
Experimental results are shown in Figure 8.
TABLE I.

EACH LAYER PREDICTION ACCURACY AND SCALE OF CPM
ON THE RS126 DATA SET

Module
Comprehensive
Analysis Layer
Kernel judgment
layer
Assistant
judgment layer
Total

Accuracy
16937/18646= 90.83%

Percent
18646/24806=75.17%

3885/6053= 64.18%

6053/24806= 24.40%

15/107= 14.02%

107/24806=0.43%

20837/24806 = 84.00%
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TABLE II.

EACH LAYER PREDICTION ACCURACY AND SCALE OF CPM
ON THE CB513 DATA SET

Module
Comprehensive
Analysis Layer
Kernel judgment
layer
Assistant
judgment layer
Total
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Accuracy
105106/113638= 92.49%
19961/32194= 62.00%
86/ 401= 21.45%

Percent
113638/146233=
77.71%
32194/146233=
22.02%
401/146233= 0.27%

125153/146233 = 85.58%

Figure 9. Q3 Accuracy comparison with typical literature on RS126

Figure 7. Q3 Accuracy comparison with other research results seperately
on the RS126 and CB513 data set(the Ref[40]:76.10% and 76.60%,the
Psipred:81.01% and 79.95%, the Prof:76.95% and 77.13%, the PHD
Expert:76.92% and 77.61%, the SSPRO:77.01% and 79.07%, the
JPRED:73.82% nad 73.37%, the SAM:78.81% and 78.17%, the
Predator[37]:80.06% and 80.04%, the Ref[38]:81.65% and 80.99%, and the
CPM:83.99% and 85.58%)

Figure 8. Comparison with the results of 4 methods on the CASP8 data
set (the Psipred-PSSP:68.21%,the JpredPSSP: 67.15%,the ASSP2PSSP:65.50%, the Behair-PSSP: 62.26%, and our CPM-PSSP:72.13%)

Reviewing on the typical research literatures , SVM
method used by HU [15] got 78.8% on RS126, nerve network
used by Xie [16] got 79.65% and 69.11% on RS126 and
CB513, layer nerve network used by Chen [17] got 74.38% on
RS126, cell automatic machine method used by Chopra [18]
got 58.21% and 56.51% on RS126 and CB513, context
analysis used by Liu [19] got 69.8% and 69.6% on RS125 and
CB513, double layer SVM method used by Guo [20] got
75.2% on CB513, and SVM based on innovating coding
used by Wang [21] got 78.44% on CB513. Shown as
Figure9,10.

Figure 10. Q3 Accuracy comparison with typical literature on CB513

Now we can see that CPM achieve the excellent predict
accuracy compared to other methods and servers. Recently,
the research idea, which is similar to CPM, that use mixed
mining algorithms has attracted many researchers. CDM
server[22] is one of the classic methods, which combine
GOVV and segment data mining methods, But it is different
from CPM. CPM method is a universal prediction system,
which can be used in different types of protein secondary
structure prediction; while CDM Server method is only
combined two methods and applied in predicting mixed type
protein. CPM method is an automatic system, while CDM
Server needs users’ subjective experience. It needs to point
out that we can get more accurate prediction result by
improving the optimization layer of CPM method. CPM
method is innovated as the above discussed, while CDM
Server is not innovated.
We synthetically analyze compound pyramid model’s
every layer function; it has the following innovation.
1) Our research is strictly innovated, those model and
algorithm in the system is innovated by our team, we haven’t
used any research result from other sever; while other
researchers always use result from outside sever. Even now
our prediction accuracy is better than other research results
that are published internationally.
2) Our research is belong to the research of protein
secondary structure prediction system, is not only
researching in mainstream of prediction method. It contains
system model, system method and system optimization, etc.
Up to now, in resolving the great challenging problem of
protein secondary structure prediction, we try to realize the
breakthrough of science idea, technological path and
methodology.
3) Form aspect of system model, until 13th March,
2009, there isn’t any other researcher using composing
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pyramid model, and no researcher combining physical
attribute determinant and structure sequence determinant to
form method, we firstly use KDTICM theory to construct
associate classifier.
4) Form aspect of methodology, we form system
methods, which are formed by many relevant predicting
methods. Among those methods, some are original, such as
KDD* model based on KDTICM, M algorithm, SAC
algorithm and AAC algorithm, etc; some are improved
methods, such as SVM apperception analysis. Especially the
Causal Cellular Automata theories, which can improve the
predicting accuracy.
5) From aspect of system optimization, in the
deduction of system model, granularity space of every layer
is becoming thinner, which shows perforation of field
knowledge and background knowledge, and can ensure the
prediction accuracy, for example, by using improved
orientation gene and diagnostic, we can get global prediction
accuracy optimization.
V.

CONCLUSION

[4]
[5]
[6]

[7]
[8]

[9]
[10]
[11]

[12]

According to the above results, we can demonstrate that
our prediction system based on the compound pyramid
model can gain very good prediction results on RS126,
CB513 and CASP8 datasets. The prediction accuracy on
RS126 is 84.00%, which is only 81.65 % got by other
researchers internationally; the prediction accuracy on
CB513 is 85.58%, which is only 78.44 % got by other
researchers internationally. Meanwhile, these results also
indicate that our algorithm gives a performance that is much
better to that given by other protein secondary structure
prediction server's methods, and it has stronger
generalization ability.
In order to communicate with international researchers
better, our next work contains publish the CPM as an openaccess web service. Researchers in biology informatics field
think that if the prediction accuracy on protein secondary
structure is up to 80%, the protein three-dimensional
structure is basically known, so we have the future to get
great breakthrough in predicting protein three-dimensional
structure based on our prediction system.
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Abstract - Protein model quality assessment is a very important
conundrum in current bioinformatics research arena as many
research groups are actively coming up with many different protein
models and model prediction techniques. We attempt to solve this
problem using fuzzy decision trees and information from both
sequence and structure of the protein. Different subsets of PDB are
considered for evaluating the prediction potential of the machine
learning method. The goal is to generate a machine that understands
structures from PDB and when given a new model, predicts whether
it belongs to the same class as the PDB structures or not (correct or
incorrect protein model). The prediction accuracy using improved
fuzzy decision tree is above 80% and results are better when
compared with other machine learning techniques.

Keywords: decision tree, fuzzy ID3, machine learning,
protein 3D structures, protein model assessment

1

Introduction

Model quality assessment will help in its usage and
ranking. The success of genome sequencing program resulted
in massive amounts of protein sequence data (produced by
DNA sequencing) [HUMAN GENOME PROJECT]. The
output of the experimentally determined protein structure is
lagging far behind the output of protein sequence. This
suggests the importance and necessity of using automatic
tools to predict protein structures. This results in very
challenging task of assessing the correctness of
computationally determined structure, particularly when we
do not have the experimentally determined structure to
compare. The ability to use algorithms or energy functions to
distinguish between correct and incorrect protein models is of
importance to the development of protein structure prediction
methods as well as for a better understanding of physicalchemical principles ruling protein folding. Solving this
problem has bright significance in bioinformatics and
biotechnology as not all protein structures can be
experimentally determined. We aim to obtain a learning
algorithm that studies subsets of known structures from PDB
(Protein Data Bank) [1] and when given a protein model
predicts whether it is a correct or incorrect model.

This work is supported in part by Molecular Basis of Disease (MBD)
program of Georgia State University.

Usually model quality assessment is done by comparison
of the model to native structure of protein. Recently there are
methods that aim to determine a scoring function without
knowledge of the native structure. There are several methods
proposed in recent years to solve this problem. Single-model
approaches like ProQ [7], ProQ-LG, ProQ-MX, and
MODCHECK [6][9] assign a score to a single model,
whereas, multiple-model approaches, such as clustering and
consensus methods, require a large pool of models as inputs.
These methods cannot be used to assess the quality of a single
model. They may not reliably evaluate the quality of a small
number of input models [14]. Machine learning methods such
as neural networks and SVM are also used
The state of art methods offered for protein predictions are
based on sequence relationship, evolutionary relationship,
fold relationship, template free modeling etc. These
computational tools mostly predict protein structure by using
the insights obtained from already known structures (the
experimentally determined once). The sheer volume of
known structures available makes it possible to develop a
machine learning system that studies the protein structures
and eventually predicts the quality of any new structure
model. The most important task in this approach is
representing the protein 3D structure in best possible manner
and using appropriate machine learning algorithm to get good
assessment accuracy.
The machine learning approach considered in this paper is
fuzzy decision tree. One of the basic decision tree algorithm
is ID3 algorithm proposed by Quinlan in 1979 [17]. Fuzzy
ID3 is an extension of the existing ID3. It integrated fuzzy set
theory and ID3 to overcome the data uncertainties and
decision tree sensitivity to small changes in training data.
Improved fuzzy ID3 (IFID3) [18] uses the same principles as
the above methods but it also employs classification
ambiguity. This change improved both execution time and
reduced number of rules generated [19]. The method has also
been used effectively in prediction and classification of
microRNA precursors (pre-MicroRNAs) [20]. The main
reason for using this machine learning technique is the rule
set it generates. Using these rules, we could be able to map
out the path for correct protein structure models. With the use
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of this method we have tried to classify three sets of correct
and incorrect protein structures and got more than 80%
accuracy on each test.

2

Design and Method

In order to classify whether a three dimensional object is a
protein structure or not, the structure should be represented in
machine understandable format. In this methodology we
represent each protein as one data vector. Each data vector
should contain both structural information as well as
sequence information of that protein structure. For training
and testing cycles with machine learning algorithm, both
positive and negative data vectors are needed. Positive
vectors can be structures from PDB (protein data bank) data
base, as these structures are experimentally determined ones.
Negative vectors are generated by misaligning the sequence
and structure information, so that we have wrong structure for
a particular sequence. Different kernel methods and encoding
schemes are used to observe their effectiveness in classifying
proteins as correct or wrong. The goal here is to encode
protein information in numerical form understandable by
machine learning technique. The encoding is done in the
following order.
Sequence Information + Structure Information
In the following two paragraphs, different methods for
representing sequence and structure information are
discussed. These are not the only methods for encoding
protein information but they are made popular in other
research domains like structure alignment, protein function
classification, protein secondary structure classification [41]
etc.
Protein sequence is a one dimensional string of 20 different
amino acids. To represent each amino acid we can use one of
the two very popular matrices. BLOSUM (BLOcks of
AminoAcid Substitution Matrix) is a substitution matrix. The
scores measure the logarithm for the ratio of the likelihood of
two amino acids appearing with a biological sense and the
likelihood of the same amino acids appearing by chance. A
positive score is given to the more likely substitutions while a
negative score is given to the less likely substitutions. The
elements in this matrix are used as features for data vectors.
For each amino acid there are 20 features to be considered.
Profile is a table that lists the frequencies of each amino acid
in each position of protein sequence. Highly conserved
positions receive high scores and weakly conserved positions
receive scores near zero. Similar to BLOSUM matrix we
have 20 features per amino acid. In preliminary studies both
methods were used to encode sequence information. For
IFID3 only BLOSUM matrix is used.
The distance matrix containing all pair wise distances
between Cα atoms, is one commonly used rotationally and
translationally invariant representation of protein structure.
This technique is used in DALI [23] for protein structure
comparison by detecting spatial similarities. The major
difficulty with distance matrices is that they cannot

239

distinguish between right-handed and left-handed structures.
Other evident problem with this method is computability, as
there too many parameters or attributes to optimize in the
case of feature selection or optimization, which are important
steps in machine learning process.
Two different simulations are done for implementation
purpose of the design. The first simulation is the direct
implementation of a larger dataset done using support vectors
technique. Due to some short comings in computational
domain and poor prediction accuracy the second simulation is
considered. The second simulation uses fuzzy decision tree to
obtain better prediction accuracy.

2.1

Training/Testing Data

Single Positive Vector is a single protein with its sequence
information followed by its own structure information. Single
Negative Vectors has one protein’s sequence information
followed by another protein’s structure information. For
initial implementation we have considered two kernels linear
and Gaussian. Sequence information is represented using
both BLOSUM as well as profiles to observe their individual
performance. In case of structural information only distance
matrix is considered to represent protein 3D structure. For
example to encode protein chain 1M56D of sequence length
51 using profile + distance matrix encoding scheme, its
complete sequence and structure information has to be
included. For every amino acid in the sequence we need to
input 20 features corresponding to its position specific score
(PSSM or profiles), so the example protein will have 1020
(51 * 20) features to represent its sequence. For structure
information we have to consider (upper or lower) half of
distance matrix, this will result in 1275 (51*50/2) features to
represent its structure. Total of 2295 features are used to
represent the protein chain. (Note the entire sequence and
structure details are considered .i.e. for a protein of length
200 we will 4000 features for sequence information and
19900 for structure.) This will be a positive vector as it’s
from the PDB data base. Negative vectors are generated by
choosing sequence and structure information of two random
proteins in similar manner. For BLOSUM matrix + Distance
matrix encoding scheme BLOSUM matrix is used instead of
profiles.
The PDB entries are culled based on their sequence length
and relative homology. The culled list has no more than 25%
homology among different protein sequences. This will
ensure that negative vectors are not false negative with
highest probability.

3

Preliminary Results Using SVM

Support vector machines (SVM) were used to obtain
preliminary results for this problem [28]. SVM are a class of
supervised learning algorithms first introduced by Vapnik
[21]. For implementation purpose a specific data set is
considered. A specific set of PDB entries are culled based on
sequence length (200). Positive and negative data are
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obtained from the same set. Positive data are obtained by
mapping sequence and structure information of the same
PDB entry into a single vector. Negative data are obtained by
misaligning sequence and structure information of two
randomly selected PDB entries from the list.
Total Number of PDB entries in this set is 2725. The exact
number of negative vectors is generated by randomly
selecting two PDB entries, one for sequence and other for
structure information. Number of training vectors hence
obtained is 4672 and number of testing vectors is 780. Results
after the implementation are shown in tables 2 and 3. These
results are obtained after seven fold testing. From the table 1
we see BLOSUM matrix to be better in accuracy than
profiles. Thought with BLOSUM matrix for encoding we see
Gaussian kernels unable to give comparable results to that of
liner kernel. More simulations were done using different

the tests is shown in table 2. About 20 rules are generated for
these data sets. There are three datasets, each with different
number of proteins. The first one has 100 proteins and hence
100 positive vectors and 100 negative vectors. Similarly data
set 200 and 700 proteins has 200/700 positive vectors and
negative vectors respectively. For sequence information only
BLOSUM matrix encoding used. The table shows seven fold
test results and average of these seven folds.
TABLE II
SEVEN FOLD RESULTS USING IFID3

TABLE I
PRELIMINARY RESULTS USING SVM
Encoding Scheme
BLOSUM Matrix
Profile

Test Case

100 Proteins

200 Proteins

700 Proteins

1

82.14%

87.72%

80.50%

2

78.57%

78.95%

82.50%

3

85.71%

80.70%

77.50%

4

75.43%

78.95%

81.50%

5

82.14%

85.96%

85.00%

6

78.57%

85.96%

80.50%

RBF Kernel

7

78.12%

84.48%

79.50%

71.13%

52.93%

Average

80.10%

83.25%

81.00%

66.62%

50.51%

Linear Kernel

datasets and different kernel methods and it was finally
concluded that SVM with this encoding scheme may not give
optimum prediction potential [28].

The prediction accuracy of IFID3 is much better when
compared to SVM results. More simulations can be done with
more number of proteins to check if there is any improvement
to prediction results.

4

5

Implementation Using IFID3
Algorithm

Three different datasets are considered. Each is a subset of
the same dataset with different number of proteins. Proteins
from PDB are culled as discussed in section II. The proteins
within a specific length range (150-200) are considered. Since
there is a length variation among different proteins, smaller
proteins have “?” as attribute value for positions where is no
amino acid. This kind of attribute definition is acceptable
with IFID3 algorithm. This representation just means the
attribute has no value or no meaning in our case.
As mentioned earlier, IFID3 uses attribute classification
ambiguity to select the branching attribute at the root node,
and fuzzy information gain elsewhere. Given a data set D
with attributes A1, A2,…, A3, based on the given parameter
values different fuzzy sets are formed for each attribute.
Fuzzy ID3 algorithm requires the given dataset to be in a
fuzzy form. In our case the data set is not in fuzzy form but in
continuous numerical form, so it needs to be fuzzified first.
To obtain the optimal number of fuzzy sets, the number of
fuzzy sets can be given as a parameter that needs to be tuned.
The tree is build according to the given conditional
parameters and each node becomes a leaf node if number of
dataset is less than a given threshold, if proportion of any
class in the node is greater than the given fuzziness condition
threshold or no more attributes are available for classification
[18].
For our dataset we considered ten fuzzy sets and triangular
membership function for each attribute. The performance of

Conclusion

The central focus of this proposal is to develop and
implement algorithms and techniques for applying machinelearning approaches on inherently complex multidimensional
geometric and spatial data. These algorithms and techniques
will facilitate the use of machine learning and decisionsupport technology in scientific problems where
comprehension of complicated systems is critical. A short list
of common problems where geometry can be critical would
include: social and computer network structure, traffic
analysis, computer vision. Biomedical examples include 3D
structural features of a protein that are directly related to
basic functionality and are crucial for drug design. Three
dimensional protein structure assessment is related to 1D
symbolic sequence, 2D-3D geometrical coordinates, 3Dgraphs, biological features, chemical features and potential
energy, etc. So it is important to develop a novel
mathematical function of these multi-domain features to
effectively represent physical functionality of the complex
object.
To solve protein model assessment problem we employed
attributes from both protein’s sequence and structure. By the
use of improved fuzzy decision tree (IFID3) we could get
prediction accuracy above 80%. The results look promising,
but improvements in data set and parameters could further
improve the accuracy of prediction. Like making use of graph
kernels, string kernels and kernel fusion methods, decision
fusion methods. Also these machines could be used to predict
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the results of previous CASP targets to tests its accuracy in
predicted models.
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Free energy decomposition of the helix to coil transition
Gregory G. Wood1 , and Drew A. Clinkenbeard1
1 Department of Mathematics and Physics, California State University Channel Islands, Camarillo, California, USA
Abstract— A modified Lifson-Roig model (LRM) is employed to jointly fit experimental heat capacity and helix
content data for a series of peptides. Consistency is found
with prior estimates of the enthalpy of helix formation, the
helix nucleation parameter, and estimates of helix side chain
entropy. However the peptide backbone entropy changes
by less than the smallest change from the literature and
although a diverse set of fits can be achieved, no fits have
been found with backbone entropy changes near the values
from the literature. Since earlier parameter estimates stem
(directly or indirectly) from helix content data alone, the
joint use of heat capacity and helix content data can lead
to better parameterizations.
Keywords: helix-coil transition, alpha-helix, peptide, heat capacity

1. Introduction
The α helix is the most common secondary structure in
proteins and, as such, understanding the α helix, which has
been the subject of extensive research[1], is a crucial first
step toward full understanding of protein folding[2]. The
ordered helix state[3], in contrast to the disordered random
coil state, is stabilized by internal hydrogen bonds linking
each amino acid to its fourth nearest neighbor down the
chain. Yet this means that initiating a helix (a process called
nucleation) requires a large loss of conformational entropy
- made up for by the favorable hydrogen bonds.
A review of ten experiments on carefully chosen peptide and protein sequences by Pace and Scholtz[4] yields
striking inconsistencies. Although each system was selected
for an optimal site for mutation, avoiding steric clashes
or sidechain-sidechain interactions, the free energy change
upon helix unfolding, ∆G, differed greatly between studies
- far more than can be accounted for by random error alone
(estimated at about 0.05 kcal/mol 1 [5], [6]). To account for
varying conditions of experiments, the difference in ∆G values were computed using alanine (ALA) as a baseline. This
has been termed the ∆∆G. The standard deviation of the
∆∆G for various amino acids vary from 0.21 for threonine
to 0.56 kcal/mol for leucine (excluding ALA, for which it is
zero, by definition, and proline (PRO) for which it is much
1 The unit of energy used here, the kcal/mol, equates to 23 eV or
6.9510−21 J.

larger2 ). Since the observed deviations are far greater then
the random errors, they must be systematic: deriving from
sequence and context. It has been estimated that systematic
errors of as much as 0.01 kcal/mol are enough to restrict
the utility of such parameters in practical applications such
as protein stability prediction and drug design[7]. Can more
universal, transferable parameterizations be achieved?
All of these experiments examined in the review rely on
helix content derived from circular dichroism measurements.
In this paper, a method that uses both helix content and heat
capacity data together is presented which has the potential
to result in more reliable parameter estimates.
The issues with using helix content data alone are manifold. First, the experimental technique, circular dichroism[8],
does not give an absolute measure of helix content, but it
requires a transformation from experiment to helix content
via so called baselines which are often found to vary with
temperature (often linearly) and with length of the peptide
chain (which is often not a large effect, but not linear).
Second, peptides undergo a broad transition from helix to
coil which is not all captured in the relatively narrow range
of temperatures where solvents are in the liquid state. Thus
baselines for where the peptide is all helix and all coil do
not both occur within the experimental window and must
be inferred from other sources. Often, but not always, either
the all-coil high temperature baseline or the all-helix low
temperature baseline is clearly evident from the experiment.
A wide variety of differing baselines have been employed[8].
In the present analysis, by including heat capacity data in
conjunction with the helix content data, we are able to make
baselines an outcome of the fitting process rather then an
input and the resulting baselines are found to be consistent
with prior results.
In contrast to circular dichroism experiments, heat capacity measurements are on an absolute scale. The change in
enthalpy3 upon a phase change (in this case, from helix
to coil) is given by the area under the heat capacityversus-temperature curve[9]. Although heat capacity curves
are broad, the peak of the heat capacity curve marks the
midpoint of the transition, and often both the peak of
the heat capacity curve and one endpoint (either low or
high temperature) are all within the limited experimentally
2 Proline is a poor helix former due to its unique structure. It is not
surprising that less consistency is seen in this case.
3 The enthalpy is the internal energy plus the work done (pressure times
volume) pushing aside the solvent to make room for the system.
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accessible temperature window.
In this paper: first, the modified Lifson-Roig model used
to fit the experimental data is introduced, second entropy
and enthalpy parameter estimates from various earlier studies
are summarized, third the fitting procedure is discussed, and
finally results and conclusions are presented.

2. Modified Lifson-Roig Model
The Lifson-Roig model (LRM)[10] defines three states
amino acids can take on: the random coil state, the ordered
helix state and a transition state called the helix nucleation
state. The coil state is the most entropically favorable, where
the helix state is the most enthalpically favorable. The
nucleation state captures the entropy penalty for beginning a
helical segment. Because the backbone hydrogen bonds span
over three amino acids (in the α helix), the first bond formed
must greatly restrict all of these amino acids - whereas
merely extending a helix by a unit length only confines
one additional amino acid. As a rule of the LRM, helical
segments must be covered at both ends by a helix nucleation
state. Each state is assigned a Gibbs free energy, G via
G = kB T ln(x), where x is assigned a letter w for the helix
state, u for the coil state and v for helix nucleation. Since the
endcaps of the peptide cannot be in the center of a helical
segment, they only require coil and nucleation parameters.
Without loss of generality, the coil state can be taken as the
zero of free energy, setting u = 1, for all amino acid types
and the endcaps. All free energies discussed in this work
are differences from the coil state. In the present modified
Lifson-Roig model, both w and v are taken as composed
of enthalpy (H) and entropy (S) components. The helix, w,
parameter is taken to differ between the various amino acid
types but the nucleation parameter, v is held fixed for all
non-endcap amino acids following prior work[11]. Only five
amino acid types are considered presently: alanine (ALA),
glycine (GLY), valine (VAL), glutamate (GLU) and arginine
(ARG).
In total, the following fourteen parameters are employed:
two endcap parameters for the v state, two v state parameters
for all non-endcap amino acids, five entropy parameters for
the helix state and five enthalpy parameters of the helix state
for: ALA, VAL, GLY, GLU and ARG. However, the two
parameters for GLY are added later and not part of the fitting,
reducing the free parameters to twelve. Further, the enthalpy
parameters are restricted to a narrow range (the experimental
uncertainty) about previously established values and, if we
count these parameters as fixed, only eight remain.

2.1 Sequences
The six peptides studied are from Richardson and
Makhatadze [12]. The sequences termed: { A4, A6, V5, G6,
V6, V345 } are listed in Table 1. Each is made of four or
six repeated block segments (only A4 has four repeats, all
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others six). These sequences were designed so that at pH 2
the effects of sidechain interactions are minimal.
Table 1: Peptide sequences studied from Richardson and
Makhatadze [12]. Sequences have similar form given by:
Y(XEARA)N , with X being ALA, GLY or VAL, and with
N = 6 for all chains except A4, for which N = 4.
Amino acids in these sequence are identified by one letter
codes which correspond to amino acid type as follows:
A=alanine, Y=tyrosine, E=glutamate, R=arginine, V=valine
and G=glycine.
Label

Peptide Sequence

A4
A6
V5
G6
V6
V345

YAEARAAEARAAEARAAEARA
YAEARAAEARAAEARAAEARAAEARAAEARA
YAEARAAEARAAEARAAEARAVEARAAEARA
YGEARAGEARAGEARAGEARAGEARAGEARA
YVEARAVEARAVEARAVEARAVEARAVEARA
YAEARAAEARAVEARAVEARAVEARAAEARA

3. Prior Parameter Estimates
The change in enthalpy upon helix formation of several
amino acids has been measured[13] by joint isothermal
titration calorimetry and circular dichroism experiments. In
this technique[14], the helix coil transition is induced by
the peptide binding to a metal ion. Thus, the helix coil
transition can be studied at any temperature. The resulting
enthalpy parameters for all amino acid types are found to
be independent of temperature[13] and peptide length[15].
Unfortunately, enthalpies are found to be sequence context
dependent[13] although in the present study, the sequences
are minor variations of the original studied sequence and
thus any context effects should be minimal.
The enthalpies found group broadly into three categories
called types I, II and III[13]. Of the amino acids in the
sequences studied in this work, only alanine (ALA) is in
group I, with an enthalpy, ∆H ≈ −0.9 kcal/mol. All others
except glycine (GLY) fall into group II. This includes valine
(VAL), glutamate (GLU), arginine (ARG) with an enthalpy,
∆H ≈ −0.6 kcal/mol. Finally, glycine is alone in group III
with ∆H ≈ −0.4 kcal/mol. Uncertainty is estimated at 0.1
kcal/mol.
The situation for entropy is less satisfying. There are two
major contributions to the entropy: backbone entropy and
side chain entropy both of which, in general, are negative
upon helix formation. Neither value is well established.
Estimates for the backbone entropy loss upon helix formation range from about 5.5 − 7.7 entropy units (e.u.) 4 by
Yang and Hong[16], about 4.6 e.u. by D’Aquino[17] and
about 5 e.u. by Wang and Prusima[18].
4 The entropy unit, e.u., is one calorie per mole-Kelvin which corresponds
to a free energy contribution (the T ∆S term in ∆G = ∆H − T ∆S) of
0.3 kcal/mol at T = 300K.
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Despite the broad range of values, fits achieved (see
Results, below) require a far smaller entropy change (about
2.4 e.u.) then any found in the literature.
In addition to the loss of conformational entropy by the
backbone, there is a relatively small side chain entropy
loss which has been measured[19], [5] and typically range
from 0 to 0.8 e.u. for the amino acid types found in this
work. Alanine is observed to have no measurable change
in side chain entropy upon helix formation. Results are not
particularly consistent between the two studies and only one
reports side chain entropies for all of the amino acid types
employed in this work[5]. Consistency is found between
results (see below) and these values.
Helix parameters are often measured within the context
of the Zimm-Bragg model[20] which employs parameters s
and σ. There is a commonly used correspondence between
Zimm-Bragg and Lifson-Roig parameters[21] which have
been used to relate the results of other work to the results of
v2
this work. The relation needed is that: σ = (1+v)
4 . Inverting
√
√
1−2a− 1−4a
5
, where a = σ.
this we find: v =
2a
Nucleation parameters are generally taken to be independent of amino acid type. Two studies of an identical set of
helix content data covering over a hundred peptides yield
vastly different nucleation parameters. The first study, resulting in the widely used AGADIR computer program[22],
finds a nucleation parameter v = 0.062 whereas the latter
re-analysis employing Bayesian statistics[23] yields a nucleation parameter v = 0.49. These values correspond to
free energies of 1.7 and 0.42 kcal/mol, respectively, at a
temperature of 300 K. The large variations in the nucleation
parameter indicate differences in parameter optimization can
greatly influence estimated parameters. A third study of
96 peptides[11] results in an estimate of the nucleation
parameter similar to AGADIR, v = 0.039 which corresponds
to a free energy of 1.9 kcal/mol (at 300K).

4. Parameter Optimization
Parameters are optimized via simulated annealing[24] in
which parameters vary randomly with a variance which
decreases over time. We have found success employing
exponential decay of the variance with iteration number.
With eight or fewer free parameters, all parameters can
be varied with each run. With around ten parameters, we
have had greater success varying only a subset of the total
parameter set with each run. This subset can either be
randomly chosen or guided such that all parameters are
grouped into subsets and 2-3 subsets of parameters are varied
5 In the process of inverting the relation, the quadratic equation is used and
has two solutions corresponding to two v values which result in identical σ
values. We select the minus sign in the quadratic equation which restricts the
v values to be smaller than one. The other solution is given by v 0 = 1/v.
Helix nucleation is unfavorable for σ values less than one (which is the
case for all values used in this work) thus v should also be less than one,
which corresponds to an unfavorable state.

together (care must be taken to ensure it remains possible
for any two parameters to be varied together).
The goodness of fit is given by a chi-squared term detailed
below. For five runs, the chi-squared versus the variance and
run number are plotted in Fig. 1. Generally the goodness of
fit follows a power law (linear on a log-log scale) until it
saturates at high run, number becoming largely independent
of run number for further iterations.

1 5 0

C h i- s q u a r e d
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Figure 1: Chi-squared versus run number for four iterations
of the fitting procedure. Each data point indicates a run
number in which a lower chi-squared (better fit) has been
found. Runs take about fifteen hours on a single core (Intel
Xeon 5000 series, 3GHz). As run number increases, the
variation allowed in each parameter decreases. The high
density of points at high iteration number indicate many very
small improvements occurring. Although this will continue
if the fits are extended, no significant gains are achieved.
The variance, v, (defined in the text) is given by v =
A exp(−i/b) and for these runs A = 0.93 and b = 1.11×105
where i is the iteration number (x-axis of the graph). Note
that for iteration number 4 × 105 or so the chi-squared
value is quite flat and the remaining runs can be eliminated.
This corresponds to a variance of 0.025 meaning parameters
change by about 2.5% of their possible range of values
within a single iteration.
Each parameter is assigned a minimum and maximum
possible value within which to vary, and the actual variation
of the parameter is the global variance multiplied by the total
range of the parameter (max minus min). Thus the global
variance starts near 1.0 and decreses with run number. A
global variance of, say, 0.05 means each parameter will move
no more then five percent of the total range available to it.
The final amino acid type, GLY, is not fit with the rest.
The helix content is nominally zero for the G6 peptide and
the heat capacity is nearly flat - thus the data lack features to
fit. Parameters for GLY are estimated by adhering as closely
as possible to earlier parameter estimates while enforcing
low helix content and relatively flat heat capacity versus
temperature.
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5. Simultaneous Fitting Methods
When fitting two disparate types of experimental data
there is no clear way to form a single measure of goodness
of fit. In this work, first the three heat capacity curves were
fit without regard to helix content data, employing a standard
definition of chi-squared as a goodness of fit to this data only.
The best (lowest) chi-squared value of this fit is set to χ1 .
The a “good enough” fit to the helix content data is set equal
to χ1 . The experimental uncertainties on the helix content
data ranged from 2-4% and a value slightly larger (6%) is
used. The fits to heat capacity were imperfect, a similar
degree of imperfection in helix content was acknowledged.
The joint chi-squared measure is taken as the sum of the
two terms. In practice, the total chi-squared of most fits is
evenly distributed between the two datasets. For the two
fits discussed below, the helix content contribution to chisquared makes up 53% and 42% of the total for fits A and
B (detailed below), respectively.

6. Results
Results are presented for two fits: designated A and B. Fit
A confines parameters to the ranges specified above, whereas
fit B does not. The chi-squared of fit B is just over half
that of fit A (10.3 versus 19.4 in arbitrary units) indicating
a significantly better fit, as can be seen in both the heat
capacity and helix content plots. However, the parameters
for the fits, listed in tables 2 and 3 below, are far more
problematic for fit B than for fit A.
For both fits, nucleation parameters are within accepted
ranges, as are the helix state parameter, w. The differences
arise from the enthalpy and entropy parameters. Fit A has
reasonable enthalpy parameters (since they are constrained).
Fit B has problematic enthalpy parameters: ALA, which
should have the most favorable enthalpy, has the least
favorable. This forces the entropy parameter for ALA to also
be quite small. The experimental data drives the parameters
in this direction by the heat capacity data which will be
discussed below.
The differences in entropy parameters in fit B are far too
large. Prior estimates[5] give values of the difference in ∆S
between ALA and the other amino acids as follows: −0.46
e.u. for GLU, −0.74 e.u. for ARG and −0.90 e.u. for VAL.
These differences are quite small relative to the values found
in fit B, but comparable to the values from fit A for ARG
and VAL.
Entropies for fit A range from −2.4 to −3.6 e.u. roughly a factor of two below the backbone only entropy
loss estimated to range from −4.6 to −7.7 e.u. (from refs.
[16], [17], [18]). These values are thought to be roughly
independent of amino acid type. The model used makes
no distinction between side chain and backbone entropy,
thus the parameters can be thought of as the sum of those
two contributions. Since there is little reason to believe the
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side chain would increase in entropy upon helix formation,
and all values found have been small decreases, the earlier
backbone entropy estimates are in clear conflict with the
present values. No fits were achieved with all entropy
parameters within the range of estimates. Although in fit
B the entropies for ARG, VAL and GLU are much larger
and within the range of possible backbone entropy, the value
for ALA is very small.
Table 2: Model enthalpy and entropy parameters for fit A, in
which parameters adhere as closely as possible to established
ranges. Values are translated to Lifson-Roig parameters (v,w)
at T = 300 K. All enthalpies have units of kcal/mol and all
entropies are in entropy units, e.u.
Parameter
∆Hv
∆Sv
∆Hw
∆Sw
v
w

Endcap

ALA

ARG

VAL

GLU

-1.89
-6.02
1.150
-

0.0
-6.62
-1.00
-2.44
0.036
1.56

0.0
-6.62
-0.69
-3.06
0.036
0.68

0.0
-6.62
-0.70
-3.58
0.036
0.53

0.0
-6.62
-0.70
-2.44
0.036
0.95

Table 3: Model enthalpy and entropy parameters for fit B,
in which parameters are not restricted to established ranges.
Values are translated to Lifson-Roig parameters (v,w) at T =
300 K. All enthalpies have units of kcal/mol and all entropies
are in entropy units, e.u.
Parameter
∆Hv
∆Sv
∆Hw
∆Sw
v
w

Endcap

ALA

ARG

VAL

GLU

-0.74
-6.02
1.28
-

0.002
-6.06
-0.42
-0.98
0.030
1.23

0.002
-6.06
-1.68
-5.20
0.030
1.22

0.002
-6.06
-1.90
-8.14
0.030
0.40

0.002
-6.06
-1.52
-5.06
0.030
1.00

6.1 Heat Capacity
The experimental heat capacity is composed of two
terms[25]: the so-called progress and excess heat capacities,
with the latter term alone reflecting the helix-coil transition,
and the former is taken as the sum of the individual amino
acids in isolation (amino acids in isolation do not undergo
any kind of phase transition), which have been measured[26]
as a function of temperature from 5 to 125 ◦ C. Since only the
bonds concerned with the helix-coil transition are modeled,
only the excess heat capacity is modeled here. Prior work
has shown excellent ability of the established progress heat
capacity to match the experimental heat capacity at both high
and low temperatures, where model peptides are outside of
the transition region[27].
To match the experimental excess heat capacity curves,
the LRM data require a small constant specific heat baseline
to be added or subtracted. These baselines are calculated to
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A 6 E
A 6 C
A 4 E
A 4 C
V 5 E
V 5 C

0 .0 1 2

( k c a l/m o l)

0 .0 1 0

x p
a lc
x p
a lc
x p
a lc

0 .0 0 8

0 .0 0 6

p

minimize the chi-squared of the fit for any set of parameters. Although the experimental excess heat capacity curves
nearly reach zero, the calculations do not. This implies the
calculations are capturing some of the progress heat capacity.
Inspection of the high temperature data reveal the best fit to
the V5 curve requires a rather large baseline - meaning the
calculation is significantly above the experiment at this end.
The baseline reveals the largest challenge in fitting the
heat capacity curves: the much larger area under the V5
curve than the A6 curve. Since the area under the curve is
the enthalpy difference between the helix and coil state, and
only one ALA changed to a VAL between the sequences,
this implies VAL must have a much larger enthalpy change
then ALA. The entire difference being pinned onto a single
amino acid stretches the limits of the parameters we allow
and the present limited parameterization in which only the
enthalpy of the various amino acids is allowed to vary.
In fit B, the enthalpy of the helix state of VAL is very
low (more favorable then ALA) and the entropy penalty
becomes very large. This is inconsistent with discussed
parameter estimates. This points to either a problem with
the experiment, possibly the subtraction of the progress heat
capacity, or with earlier parameter estimates.

c
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Figure 3: Fit B to heat capacity data for peptides A6, A4
and V5 from Richardson and Makhatadze [12] with 11 free
parameters without restriction from prior enthalpy estimates.
Although the fits are better (about half the chi-squared of Fig.
2) then fit A, the resulting parameters are more problematic
as discussed in the text.
best fit transformation is given by:
calc
raw
fH
= 1.11(fH
− 0.074).

A 6 E
A 6 C
A 4 E
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V 5 E
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G 6
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x p
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0 .0 0 4
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3 2 0

3 4 0

3 6 0

T (K )

Figure 2: Fit A to heat capacity data for peptides A6, A4 and
V5 from Richardson and Makhatadze [12] with 8 effective
free parameters, and enforcing adherence to prior enthalpy
estimates.

6.2 Helix Content
Helix content is calculated from circular dichroism experiments. To convert the experimental data into helix fraction,
baselines are required. Various baselines have been used,
which are functions of temperature and peptide chain length.
In this work, only helix content at 0◦ C is used. A linear
raw
transformation is applied to the raw calculation data, fH
calc
giving the new calculated helix fraction, fH , to directly
exp
compare with the experimental fraction of helix, fH
. The

(1)

For fit B, the best fit transformation is given by:
calc
raw
fH
= 1.70(fH
− 0.29).

(2)

Calculated-versus-experimental helix content data are
plotted in Fig. 4. In fit A, the largest deviation is for the
A4 peptide - which is better described by fit B. Thus the
LRM has the potential to fit peptides of various lengths, but
it is particularly difficult to fit well and remain consistent
with prior parameter estimates.

6.3 Glycine Parameters
Glycine parameters are determined by the following procedure: the calculated helix content is set to zero, determining a raw calculated helix content from Equ. 1 and 2 above
of 0.074 and 0.29 for fits A and B, respectively. Next, the
enthalpy difference between ALA and GLY of 0.50 kcal/mol
from reference [13] is added to the enthalpy of the helix
state of ALA to find the enthalpy of the helix state for GLY.
Lastly, the entropy of the helix state of GLY is adjusted until
the helix content at 0◦ C fits the raw value determined above.
For fit A, the resulting entropy and enthalpy parameters
are: ∆H = −0.40 kcal/mol and ∆S = 4.66 e.u., which turns
out to fall at the low end of the predicted entropy difference
from ALA to GLY of 2.46 ± 0.2 e.u.[17]. The resulting
heat capacity curve of the G6 peptide is 0.001 kcal/mol at
0◦ C and decays rapidly - which is consistent with the very
small gap found between the experimental and progress heat
capacity in the original experimental paper[12].
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Figure 4: Calculated helix content data from both fits versus
experimental results. Calculated values of fits A (squares)
and B (circles) have been scaled according to Equs. 1 2,
respectively. The diagonal line indicates perfect fit. Fit A
has twice the chi-squared of fit B, but employs parameters
closer to prior estimates.
For fit B, the procedure yields less satisfying results. The
resulting parameters are: ∆H = +0.08 kcal/mol and ∆S =
−1.56 e.u. which is a reasonable enthalpy, but a very low
entropy for glycine - far lower then any other amino acid
type aside from ALA. This is only a difference of 0.50 e.u.
from ALA, five times smaller then the gap estimated in the
literature[17]. Further, the heat capacity of the G6 peptide
is 0.0086 kcal/mol at 0◦ C - comparable to the A4 peptide
at that point and inconsistent with the experiment.

7. Conclusion
Joint use of heat capacity and helix content data restricts
parameters. Three heat capacity curves and five helix contents can be adequately fit via a modified LRM with reasonable parameters. While agreement is found with prior work
for enthalpy and helix nucleation parameters, the entropy
loss upon helix formation is found to be significantly smaller.
Even the smallest of the diverse set of prior entropy loss
estimates is too large to account for both the experimental
helix content and heat capacity data, despite such estimates
being used to explain helix content data in the past. Together,
helix content and heat capacity data provide a much more
rigorous test of parameters the helix content alone.
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Sensitivity of a Phylogeny of the Triassic AvianLine Radiation to Character-Transition Ordering
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Abstract
It is generally accepted that modern birds descended from reptiles: in popular parlance, "The dinosaurs
didn't die out; they merely took to the air". Based on the fossil record, by the Late Triassic (~180-195
million years before present (MABP)) reptiles with feathers and distinctly bird-like skeletons had appeared.
It is much less clear when the delineation of avian characteristics first arose. Attempts to push the
avian/reptilian boundary earlier than the Late Triassic challenge today's phylogenetic methods. Based on
the maximum parsimony (MP) method, it has been suggested that whether a Middle-Triassic (~195-210
MABP) avian-line radiation (Ornithodira) within the archosaurs is contemporaneous with the radiation
of crocodilian-line (Pseudosuchia) forms is sensitive to whether the transitions of character-values at
~15 character-positions in the taxon descriptors of the data set of interest are restricted to "nearest"-value
(i.e., are "ordered") changes. Here I show that Bayesian phylogenetic analysis implies essentially the
same phylogeny is obtained regardless of whether the transitions are ordered.
Keywords: maximum parsimony, Bayesian phylogenetic, avian, dinosaurs

1.0 Introduction
It is generally accepted that modern birds
descended from reptiles: in popular parlance,
"The dinosaurs didn't die out; they merely took
to the air". Based on the fossil record, by the
Late Triassic (~180-195 million years before
present (MABP)) reptiles with feathers and
distinctly bird-like skeletons had appeared ([7]).
It is much less clear when the first delineation of
avian characteristics arose. Attempts to push the
avian/reptilian boundary earlier than the Late
Triassic challenge today's phylogenetic methods
([5],[6]).
A phylogenetic character-position in a taxon
description is said to be ordered if the change of
the value of the character-value at that position at
each step in a phylogenetic derivation is
restricted to a predefined single value.
Character-ordering is one way of modeling
constraints on the range of biologically plausible
changes over relatively short times.

It has been suggested ([1],[2]) that
(O) The avian-line radiation of the Middle
Triassic (~195-210 MABP) is sensitive
to character-ordering.
Here I show that under a Bayesian phylogenetic
analysis of the data in [2], (O) does not hold.

2.0 Method
The script shown in Figure 2 was executed under
a Bayesian phylogenetic ([5], Chap. 18) software
package (MrBayes, [3]) using the taxon
descriptors in [2] (pp. 5-35) with, and without,
character-ordering enforced. The software was
run on a Dell Inspiron 545 with an Intel Core2
Quad CPU Q8200 clocked at 2.33 GHz, with
8.00 GB RAM, under Windows Vista Home
Premium/SP2.
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begin data;
dimensions ntax=35 nchar=290;
format datatype=Standard missing=?;
matrix
[data matrix adapted from [2] goes here, not shown]
;
end;
begin mrbayes;
log start filename=ornithodira_log.log replace;
set autoclose=yes;
[
the following command would be suppressed for
the "unordered" case
]
ctype ordered:21 78 89 98 116 142 159 169 175 177
195 200 227 250 281;
outgroup Erythrosuchus_africanus;
mcmcp nruns=2 ngen=100000 printfreq=100
samplefreq=100 nchains=4 savebrlens=yes
filename=ornithodira;
mcmc;
plot filename=ornithodira.run1.p;
plot filename=ornithodira.run2.p;
sumt filename=ornithodira burnin=100 contype=halfcompat;
log stop;
end;
Figure 2. Template of the MrBayes ([3]) script used in this study. The script creates 100000 (ngen)
Markov Chain generations, sampling every 100 (samplefreq) generations. The first 100 (burnin)
samples are discarded. Partial tree consensus (contype) is allowed. The "ctype" command enforces
character-ordering; the command is suppressed to generate a tree that does not depend on the
character-ordering of interest. For definitions of other parameters used in this script, see [3].
______________________________________________________________________________________

3.0 Results
Figures 3 and 4 are the trees output by the script
shown in Figure 2, with, and without, charactertype ordering enforced. The time to produce

each of these trees on the platform described in
Section 2.0 was about 3 minutes. Based on the
system monitor, two of the four cores on the
system performed 99% of the computational
work.

________________________________________________________________________
/--- Erythrosuchus_africanus (1)
|
|- Euparkeria_capensis (2)
|
|
/-- Revueltosaurus_callenderi (3)
|
/---+
|
|
\--- Aetosaurus_ferratus (4)
|
|
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|
|
/-- Arizonasaurus_babbitti (5)
+
/-+
/-+
|
| |
| \-------------- Effigia_okeeffeae (6)
|
| |
|
|
| \----+
/- Batrachotomus_kuperferzellensis (7)
|
|
|
|
|
|
\----+
/- Postosuchus_kirkpatricki (8)
|
|
\----+
|
|
\----- Dromicosuchus_grallator (9)
\---+
|
/- Eudimorphodon_ranzii (10)
|
/-----+
|
|
\ Dimorphodon_macronyx (11)
|
|
|
|
/- Lagerpeton_chanarensis (12)
|
|
|
|
|/---+ /-- Dromomeron_gregorii (13)
\---+|
\--+
||
\- Dromomeron_romeri (14)
||
||
/ Marasuchus_lilloensis (15)
||
|
||
|
/- Asilisaurus_kongwe (16)
\+
|
|
|
|
/-+ /--- Eucoelophysis_baldwini (17)
|
|
| | |
|
|
| \-+/-- Sacisaurus_agudoensis (18)
|
|
|
\+
|
|
|
\- Silesaurus_opolensis (22)
\---+
/-+
|
| |/ Lewisuchus_admixtus (19)
|
| |+
|
| |\ Lewisuchus_Pseudolagosuchus (21)
|
| |
|
| \ Pseudolagosuchus_major (20)
|
|
|
|
/- Pisanosaurus_mertii (23)
\---+
|
|
/---+ /--- Heterodontosaurus_tucki (24)
|
|
\-+
|
|
\- Lesothosaurus_diagnosticus (25)
|
|
|
|
/- Herrerasaurus_ischigualastensis (26)
|
|
|
|
| /--+ /--- Eoraptor_lunensis (27)
\-----+ | | |
| | \-+ /- Tawa_hallae (31)
| |
| |
| |
\--+
/-- Coelophysis_bauri (32)
| |
|
|
| |
\---+ /- Dilophosaurus_wetherelli (33)
\--+
| |
|
\-+ /-- Allosaurus_fragilis (34)
|
\--+
|
\----- Velociraptor_mongoliensis (35)
|
|
/- Saturnalia_tupiniquim (28)
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|
|
\---+/- Plateosaurus_engelhardti (29)
\+
\ Efraasia_minor (30)
|-------------------| 0.500 expected changes per site
Credible
50
90
95
99

sets of trees (808 trees sampled):
% credible set contains 105 trees
% credible set contains 628 trees
% credible set contains 718 trees
% credible set contains 790 trees

Figure 2. Phylogenetic tree produced by the script shown in Figure 2, character-ordering enforced.
Essentially the same tree is produced when character-ordering is not enforced.
______________________________________________________________________________________

4.0 Discussion
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Bayesian Approach for Identifying Short Adjacent Repeats in
Multiple Sequences
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Abstract— For the problem of identifying short adjacent
repetitive patterns in long biological sequences, such as
tandem repeats in DNA sequences, traditional methods have
been largely relying on the periodicity of a short segment
in a single long sequence. In this paper, we introduce a
full probabilistic generative model and a binary vector data
structure to formulate this problem. Our model allows intraunit mismatches and inter-unit insertions. It is capable of
identifying the shared repetitive pattern in multiple input
sequences. A Bayesian approach is used to compute the
model in a de novo fashion. A collapsing technique is used
to improve the computing efficiency. The experiments on
both synthetic data and real data have demonstrated the
effectiveness of the proposed MCMC algorithm.
Keywords: repetitive pattern; tandem repeats; sequence motif;
collapsing technique; Bayesian approach

1. Introduction
The identification of repetitive patterns in biological sequences has been an interesting, but challenging, problem
studied for thirty years. In this paper, we mainly focus on
the algorithm that detects short adjacent repetitive patterns
in multiple sequences. A widely studied case is to identify
tandem repeats in DNA sequences. A tandem repeat in DNA
is two or more contiguous, approximate copies of a pattern
of nucleotides [1]. An example would be: ATCCGATCCGATCCG where the pattern (also called the repeats unit)
ATCCG is repeated three times as shown in Figure 1.

than 150 bp long, whose pattern width ranges from 2 bp
to 6 bp [2]. Tandem repeats are widely used as markers
and DNA fingerprints [3]. Recent researches also suggested
that they are related to some human diseases and regulatory
processes [4]. Therefore, the detection of tandem repeats is
of considerable significance.
Most existing methods have focused on the detection of
tandem repeats in a single DNA sequence, but none has
the inherent ability to detect the common tandem repeats
in multiple DNA sequences. Here we use a full-parametric
probabilistic model and a binary vector data structure, which
allows intra-unit mismatches and inter-unit insertions (also
called gaps) to occur, to detect tandem repeats in multiple
DNA sequences. It is especially useful in the case where tandem repeats shared by multiple DNA sequences from some
particular loci shed light on molecular structure, function,
and evolution. It can also be easily adapted to detect tandem
repeats within a single DNA sequence. When the repeats
in a single DNA sequence is spread around, the algorithm
can be directly used by dividing the single sequence into
multiple sub-sequences.
The model in this paper is well along the line of [5], [6],
which used the sequence motif model to detect the enriched
pattern in multiple sequences. In the scenario of repeats
detection, the same pattern is also enriched in a local area
in each sequence. Our model is built to make use of the two
levels of signal enrichment. We use Bayesian approach [7],
[8] to infer the parameters of our model.

1.1 Related Work

Fig. 1: A tandem repeat exists in a DNA sequence. Its pattern
has a width of 5 bp and a copy number equal to 3. Lower
case letters represent background nucleotides.
The tandem repeats can be classified into two types
according to the pattern width and the copy number: minisatellites and microsatellites. The size of minisatellites
ranges from 1k bp to 20k bp, where the pattern width
ranges from 9 bp to 80 bp. The microsatellites are less

Most existing methods for identifying short adjacent repetitive patterns focus on tandem repeats in DNA sequence.
Generally speaking, the methods of detecting tandem repeats
in a single DNA sequence can be classified into three
categories, depending on the tandem repeats models: exact
tandem repeats (also called perfect tandem repeats) such as
[9], [10], [11], [12], and [13]; fuzzy tandem repeats such as
[14]; and approximate tandem repeats. Since there are few
exact and fuzzy tandem repeats existing in nature, those kind
of algorithms are in vain dealing with most cases.
In recent decades, many works have focused on approximate tandem repeats detection. [15] presented a compression
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algorithm testing the presence of a particular type of dosDNA. Both [1] and [16] proposed the two-step method: it
first searched for significant exact repetitions in the sequence
and then detected all approximate tandem repeats which
fulfilled certain criteria. [17] introduced a signal processing technique, i.e., spectral analysis, to detect approximate
tandem repeats. However, all these above methods relied
on the periodicity of a short segment in a single long
sequence. Unlike these works we focus on the detection of
tandem repeats in multiple DNA sequences, by using a full
probabilistic generative model.

1.2 Our Contributions
In this paper, we make the following contributions to this
repeats detection problem:
• We expand the scope of identifying tandem repeats
to multiple DNA sequences, by relaxing the implicit
assumption of a single DNA sequence in existing work.
This is especially helpful in analyzing the relationship
among DNA sequences, e.g., different species, in the
course of evolution.
• We introduce a full probabilistic generative model for
the approximate tandem repeats and a binary vector data
structure to address the inter-unit insertions problem.
• We introduce Bayesian approach to detect tandem
repeats in a de novo fashion and use a collapsing
technique [6] to improve computing efficiency. We
demonstrate the effectiveness of the MCMC algorithm
through experiments on both synthetic data and real
data.

1.3 Problem Overview
The mentioned tandem repeat example ATCCGATCCGATCCG shows an exact tandem repeat without any mismatches, insertions or deletions. In general, we represent an
exact tandem repeat with pattern x1 x2 · · · xJ (the pattern
width J ≥ 2) and copy number Ω (Ω ≥ 2) as
Ω

X = (x1 x2 · · · xJ ) = x1 x2 · · · xJ . . . x1 x2 · · · xJ ,
where xj , ∀j could be any one of four alphabets A, T, C and
G. For the sake of convenience, we name X as the repeats
segment within a DNA sequence, x1 x2 · · · xJ as the repeats
unit which makes up a repeats segment and xj as the letter
within an unit. Compared with the exact tandem repeats,
if any letter is substituted, or inserted, or deleted within
any unit, it becomes an approximate tandem repeat. In this
paper, we are only concerned with the approximate tandem
repeats in the case of intra-unit mismatches and inter-unit
insertions. The inter-unit insertion denotes the case when
one or more letters are inserted between any two adjacent
units. An example would be ATCCGATgCGtATCCG (the
lower case highlights the variations), where the letter C is
substituted by the letter g within the second unit (the case
of intra-unit mismatches), and a letter t is inserted between

the second unit and the third unit (the case of inter-unit
insertions).
In our work, we model the tandem repeats by using a
4 × J motif matrix [6] as


θA,1 θA,2 · · · θA,J

  θT,1 θT,2 · · · θT,J 

Θ = θ1 θ2 · · · θJ = 
 θC,1 θC,2 · · · θC,J  ,
θG,1 θG,2 · · · θG,J
where each column specifies the probabilities of finding the
corresponding nucleotides in that position. Given a set of
DNA sequences, each of which is embedded with a segment
composed of multiple repeats units (adjacent by allow interunit insertions in-between) generated from the same motif
matrix, our goals are: (1) to detect where the segment locates
within each sequence; (2) to point out where the repeats units
are within each segment; (3) to estimate the motif matrix that
describes the pattern of the collection of all units.
As far as we know, this is the first work using motif
matrix [5], [6] for repeats detection. The key idea is to
use the motif matrix to model repeats units as stochastic
strings which are adjacently embedded in a homogeneous
background, and to implement a Bayesian inference in the
missing-data framework [18], [19]. We use R, A, and S to
denote the set of given DNA sequences, the set of segment
starting positions and the set of within-segment structures,
respectively. For the Bayesian inference of these parameters,
we specify independent prior distributions for the parameters
Θ, A and S. A Markov Chain Monte Carlo (MCMC) algorithm iterates the following sampling steps: P (Θ | A, S, R),
P (A | Θ, S, R), and P (S | A, Θ, R). Each of the sampling
steps updates the corresponding parameter conditional on
the current values of other parameters. After the MCMC
iterations converge, the sampled parameter values give us a
whole picture of their jointly posterior distribution.

1.4 Paper Layout
The rest of the paper is organized as follows. We formulate
the statistical problem and define the parameter structure
in Section 2. In Section 3, we present the full posterior
distribution and introduce a collapsing technique to make
the algorithm computationally more efficient. The maximum
a posteriori (MAP) estimate is used as the point estimate
of the parameters. In Section 4, we formally present the
general solution and give the schematic procedure of MCMC
algorithm. We carry out extensive experiments on both
synthetic data and real data in Section 5 to verify the
algorithm. Section 6 concludes the paper.

2. Problem Formulation And Parameter
Structure
In this section, we present the problem settings and
describe the parameter structure.
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2.1 Define the Statistical Problem
For a given set of N DNA sequences, which are all
assumed to contain repeats units of a same motif pattern,
we target the detection of both the pattern and the location
of its instances.
We denote the input sequence data by R, which can be
written as
r1,1
r2,1
..
.

r1,2
r2,2
..
.

···
···
..
.

r1,L1
r2,L2
,
..
.

sequence RN : rN,1

rN,2

···

rN,LN

sequence R1 :
sequence R2 :
Data set R :
..
.

where the residue rn,l , 1 ≤ n ≤ N, 1 ≤ l ≤ Ln could be any
one of the four alphabets A, T, C and G, and the Ln , 1 ≤
n ≤ N is the length of the n-th sequence. Notice that it
is not necessary that all sequences are of the same length.
We denote the collection of indices by I = {(n, l) : n =
1, . . . , N ; l = 1, . . . , Ln }. For any set W ⊆ I, we define
RW = {rn,l : (n, l) ∈ W }. We also define W C = I \ W
as the set of all elements which are members of I but not
members of W .
In order to formulate our problem, we define four types of
parameters corresponding to the four goals in Section 1.3:
(1) A is the set of segment starting positions that reveals
where the repeats segment locates within each sequence;
(2) S is the set of segment structures that could tell how
many times the unit repeats within each segment and where
they are; (3) Θ stands for the motif matrix that describes
relative residue frequencies for each position of the unit; (4)
Φ represents the background distribution, i.e., the relative
residue frequencies at a non-unit position. The following
paragraphs give the exact definitions of these parameters.
Our probabilistic model makes the following assumptions:
(1) the multiple input sequences are mutually independent;
(2) each sequence contains a repeats segment starting at a
random position; (3) each repeats segment is composed of
multiple repeats units separated by gaps of random length
from 0 bp to G bp; (4) all repeats units are independent and
identical samples from the same motif matrix Θ of width J;
(5) all nucleotides at non-unit positions are independent and
identical samples from the background distribution Φ.

T
a1 a2 · · · aN
Let A =
denote the set of
segment starting positions of all sequences, where T denotes
matrix transpose. To begin with the simplest case, we assume
that there is only one segment per sequence. Therefore,
an , 1 ≤ n ≤ N can be any integer between 1 and Ln −J +1.
Similar to motif discovery problem [6], the algorithm can
be extended
to allow multiple

T segments per sequence. Let
S = sT1 sT2 · · · sTN
denote the set of segment
structures starting from A, where sn , 1 ≤ n ≤ N is a binary
vector of the following format: sn =


1 0 · · · 0 ξn,J+g1 +1 · · · ξn,z · · · ξn,Zn .
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The binary variable ξn,z = 1 indicates that there is a unit
occurring from z to z + J − 1 within the segment, or
equivalently, from an + z − 1 to an + z + J − 2 within the
sequence. g1 is the length of gap between the the first unit
and the second unit. To avoid non-identifiability, we require
that the first entry ξn,1 , 1≤n≤N must be 1. The total number
of 1 within sn , denoted by |sn |, represents the copy number
of the unit. By introducing the binary vector sn , we are now
able to deal with the case of inter-unit insertions. For ease of
presentation, Figure 2 shows the schematic diagram of our
repeats model. In this specific model, there are 5 sequences
with each length equal to Ln , 1 ≤ n ≤ 5. For each segment,
the starting position and structure are shown on top of the
gray area. The background area is painted in white, whatever
the borderline is dotted or solid. Each white square with solid
borderline represents a gap with length 1.

Fig. 2: The schematic diagram of our repeats model.
The last two parameters of our model are the motif
matrix and the background distribution, denoted as Θ and
Φ, respectively. Θ represents the product multinomial (PM)
model [6] introduced in Section 1.3. The value of θk,j is
the probability of finding the letter k ∈ {A, T, C, G} at
the position j, 1 ≤ j ≤ J among all units. Φ represents
a multinomial model for the background distribution, i.e.,
the probabilities of finding each
 letter at a non-unit position.
T
φA φ T φC φG
It can be written as Φ =
. All
positions in the sequences are assumed to be independent
to each other.

2.2 Parameter Structure and Sufficient Statistics
The algorithm maintains two evolving parameter groups.
The first group, A and S, indicates the locations of all units.
The second group, Θ and Φ, describes the unit pattern and
the background distribution.
For the convenience of presentation, we introduce a counting function [6]. For a given set of categorical data given,
e.g., Y = {y1 , · · · , yl , · · · , yL }, where each yl takes values
from {A, T, C, G}, we define the counting function h such
that h(Y ) = [ mA mT mC mG ]T , where mk , k =
A, T, C, G is the total number of letter k observed in Y . It is
noted that the function h has an additive property. If another
data set Y 0 is given, then h (Y ) + h(Y 0 ) = h (Y ⊕ Y 0 ),
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where the left side is just the ordinary addition for vectors
and Y ⊕ Y 0 indicates combining the two categorical data
sets Y and Y 0 .
Given A and S, the observation of all units’ indices can
be denoted as set

3.1 The Full Posterior Distribution
Given A, S, Θ and Φ, the probability of observing the
given R can be written as
P (R|A, S, Θ, Φ) = Φh(RU C )

U = {(n, ξn,z (an + z − 1 + j − 1))} ,
where n = 1, . . . , N, z = 1, . . . , Zn , j = 1, ...J. Notice that
the element (n, ξn,z (an + z − 1 + j − 1)) exists if and only if
ξn,z = 1, because there is no 0-th position in the sequences.
As U gives the indices of all units, the observations of all
letters at non-unit positions can be denoted as RU C . We also
write the set of the residues occupied in the j-th positions
of all units as

J
Y

h(RU (j) )

θj

,

(1)

j=1

where we define the vector power of a vector as the
product of all elements after taking corresponding power,
h(RU (j) )
i.e., Φh(RU C ) = φwA φwT φwC φwG and θ
=
m

m

m

m

A

T

C

j

G

θA,jA,j θT,jT ,j θC,jC,j θG,jG,j . With mutually independent priors,
the jointly posterior distribution of A, S, Θ and Φ can be
written as
P (A, S, Θ, Φ|R) ∝ P (R|A, S, Θ, Φ)P (A)P (S)P (Θ)P (Φ).

U (j) = {(n, ξn,z (an + z − 1 + j − 1))} ,
where n = 1, . . . , N, z = 1, . . . , Zn .
We can get the sufficient statistics by applying the
counting function h on RU C and RU (j) , 1 ≤ j ≤
J. We denote the results as a vector h (RU C ) =

T
 wA wT wC wG  and a 4 × J matrix h (RU ) =
m m2 · · · mJ , where mj = h RU (j) =
 1
T
mA,j mT,j mC,j mG,j
, 1 ≤ j ≤ J. Under the
setting, h (RU ) follows a product multinomial distribution
[6] with parameter Θ, i.e.,
h (RU ) ∼ P M (Θ; |m1 |, |m2 |, · · · , |mJ |) ,
where |mj | = mA,j +mT,j +mC,j +mG,j , 1 ≤ j ≤ J, which
is the total number of repeats units in the whole input data.
h (RU C ) follows a multinomial distribution with parameter
Φ, i.e.,

We further assume the independence
among all elements
QN
in A and S, i.e., P (A) =
P
(a
n ) and P (S) =
n=1
QN
P
(s
).
For
each
P
(a
),
we
use
a
uniform
distribution,
n
n
n=1
which means the probabilities of each segment staring from
an = 1 to Ln − J + 1 are priorly equal to each other. For
P (sn ), we assume it is only determined by the number of
1 in the vector sn . More specifically, we set P (sn ) ∝ ε|sn | .
The tuning constant ε is a positive real number less than 1,
which means the prior probability will decrease if adding
more repeats
units. Therefore, we have P (A) ∝ 1 and
PN
P (S) ∝ ε n=1 |sn | .
As described in Section 2.2, Θ and Φ follow a product
Dirichlet distribution with parameters B and a Dirichlet
distribution with parameters α, respectively. Without any
prior knowledge, we set all elements in B and α equal to 1.
As a result, we have P (Θ) ∝ 1 and P (Φ) ∝ 1. Therefore,
the full posterior distribution can be written as

h (RU C ) ∼ M ultinomial (Φ; wA + wT + wC + wG ) .
For the Bayesian inference of Θ, we use a conjugate prior, which is a product Dirichlet (PD) distribution [6] in this case. That is, Θ ∼ P D (B), where
β β2 · · · βJ
B =
is a 4 × J matrix and
 1
T
βA,j βT,j βC,j βG,j
βj =
, 1 ≤ j ≤ J.
Under this setting, the posterior distribution of Θ is
P D (B + h (RU )). Similarly, the prior distribution for
Φ is set as P D (α). Therefore, the posterior distribution of Φ is Dirichlet (α + h (RU C )), where α =

T
αA αT αC αG
.

3. Posterior Distribution
In this section, we first present the full posterior distribution. Then, a collapsing technique is used to make the
proposed algorithm introduced in Section 4 computationally
more efficient.

P (A, S, Θ, Φ|R) ∝ ε

PN

n=1

|sn |

Φh(RU C )

J
Y

h(RU (j) )

θj

.

j=1

(2)

3.2 The Collapsed Posterior Distribution
The MCMC algorithm based on the above jointly posterior
distribution can be low efficient because of the big dimension
of the parameter space. A widely used solution is to integrate
out some nuisance parameters. As A and S are mainly
concerned, Θ and Φ are thus nuisance parameters. Or at
least, it is not difficult to estimate Θ or Φ given A and
S. Using the collapsing technique of [6], we can actually
integrate out Θ and Φ in order to make the proposed
algorithm computationally more efficient.
Noted that
Z Z
P (A, S|R) =
P (A, S, Θ, Φ|R)dΘdΦ,
(3)
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our choices of the Dirichlet priors for Θ and Φ enable us
to integrate out both Θ and Φ analytically. The resulting
collapsed posterior distribution can be written as

Table 2: The improved schematic procedure.
Step 1:
Step 2:

P (A, S|R)
∝ε

PN

n=1

|sn |

Γ (h (RU C ) + α)

J
Y
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Step 3:

Initialize A and S;
for n from 1 to N do
2.1 Calculate Θ̂n and Φ̂n
2.2 Sample and Update an via P (an |sn , Θ̂n , Φ̂n , R);
2.3 Sample and Update sn via P (sn |an , Θ̂n , Φ̂n , R);
Repeat Step 2 until convergence;



Γ h RU (j) + β j .

j=1

(4)

5. Experiments

4. MCMC Algorithm Description

5.1 Methodology and Settings

At the beginning of this section, we show the basic
schematic procedure based on the full posterior distribution.
Then, in accordance to the collapsed posterior distribution,
we develop this basic schematic procedure.

We design two experiments, one on synthetic data (Experiment 1) to explores how effective the algorithm is and the
other on real data (Experiment 2) to shows its performance
on real data.
In Experiment 1, we use synthetic data for ease of carrying
out the experiment and evaluating the performance in a
fully controlled manner. We generate the synthetic DNA
sequences set R. It contains N sequences with equivalent
length L, each of which contains only one segment whose
starting position is randomly selected. Within each segment,
we also randomly pick out the copy number Ω in the range
of [Ωmin , Ωmax ] and the gap length gi , 1 ≤ i ≤ Ω − 1
between the i-th unit and the i + 1-th unit in the range of
[0, G]. All units with width J are generated following the
predetermined motif matrix Θ,
 and the background distribuT
tion is assumed to be Φ = 0.25 0.25 0.25 0.25
.
With all parameters and ε known, the actual value of the
jointly posterior probability can be calculated for reference.
We evaluate the performance based on: (1) whether the joint
posterior probability converges to its actual value; (2) what
the false positives and the false negatives (also called type I
and II errors) are.
In Experiment 2, we evaluate the ability of the algorithm
to detect tandem repeats with gap allowed in multiple
sequences named Short Tandem Repeats (STRs) markers.
Also, we compare our outcome with the result of testing
those markers one after one using Tandem Repeats Finder
(TRF) program [1].

4.1 The Basic Schematic Procedure
Our objective is to find out where the most likely segment
locates and what its within structure looks like. Intuitively,
these N segments are obtained by locating A and adjusting
S to maximize the posterior probability of the matching area
RU . In other words, the target is to find out the maximum
a posteriori (MAP) of P (A, S, Θ, Φ|R) or P (A, S|R).
The basic idea of addressing this optimization problem is
to use Gibbs sampling to wholly explore the full posterior
distribution presented in Section 3.1. The used Metropolisin-Gibbs scheme [7], [8] is shown in Table 1.
Table 1: The basic schematic procedure.
Step
Step
Step
Step
Step

1:
2:
3:
4:
5:

Initialize A, S, Θ and Φ;
Sample and Update A via P (A |S, Θ, Φ, R);
Sample and Update S via P (S |A, Θ, Φ, R);
Sample and Update Θ and Φ via P (Θ, Φ |A, S, R);
Repeat Step 2-4 until convergence;

4.2 The Improved Schematic Procedure
However, this standard Gibbs sampling strategy will be
too time-consuming when there are many parameters. Instead, we work on the collapsed posterior distribution to
improve computing efficiency, which is shown in Section
3.2. Intuitively, the collapsing technique pretends that N − 1
segments have been known, and we stochastically predict
for the segment within the remaining 1 sequence. More
specifically, when the n-th sequence Rn is selected, we use
the remaining information, i.e., A[−n] and S[−n] , to estimate
the current ‘motif matrix’ Θ̂n and ‘background distribution’
Φ̂n so as to determine new an and sn sequentially. Here,
R[−n] denotes all sequences excluding Rn ; A[−n] denotes

T
the set a1 · · · an−1 an+1 · · · aN
; S[−n] de
T
s
·
·
·
s
s
·
·
·
s
notes the set
. The
1
n−1
n+1
N
new schematic procedure of the algorithm is shown in
Table 2.

5.2 Experiment 1: Test on Synthetic Data
The settings of the synthetic DNA sequences are N = 10,
L = 5000, Ωmin = 10, Ωmax = 30, G = 3, J = 6, and Θ
written as follows,


0.80 0.10 0.10 0.05 0.10 0.85
 0.05 0.80 0.15 0.05 0.80 0.05 

Θ=
 0.10 0.05 0.70 0.05 0.05 0.05  .
0.05 0.05 0.05 0.85 0.05 0.05
The settings of the algorithm are G = 3 and ε = 0.25.
Table 3 and Table 4 shows the comparison of actual
and predicted values of segment starting positions and unit
copy numbers, respectively. Table 5 shows the average false
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positive and false negative after 100 independent repeated
trials.
Table 3: Comparison of actual and predicted values of
segment starting positions
Seq. No.

1

2

3

4

5

Actual
Predicted

3928
3928

4367
4367

613
613

4404
4398

3049
3032

Seq. No.

6

7

8

9

10

Actual
Predicted

471
480

1343
1335

2637
2637

4617
4655

4652
4652

Table 4: Comparison of actual and predicted values of unit
copy numbers
Seq. No.

1

2

3

4

5

6

7

8

9

10

Actual
Predicted

15
15

11
11

15
15

30
31

10
12

20
21

23
26

23
23

24
18

29
29

Fig. 3: The trace plot of the unnormalized log joint posterior
probability

Table 5: Average false positive and false negative
Number of Actual Units
Average Number of Predicted Units

200
208.57

False Negative

21.23

False Positive

29.80

Figure 3, Figure 4 and Figure 5 show the trace of the
unnormalized joint posterior probability, the traces of all
segment starting positions and the traces of all unit copy
numbers, respectively. As shown in Figure 3, the MCMC
trace initially escalates as the number of iterations increases,
but after about 1200 iterations it stabilizes around the actual
value of the jointly posterior probability. Figure 4 shows that
in the first 100 iterations, the traces change dramatically and
they converge to each stable state afterwards. Figure 5 shows
the unit copy numbers start going up from 1 and fluctuate
within only a small range after about 1000 iterations. It
is observed that the traces of segment starting positions
converges most fastly. We also find that the traces of
the unnormalized joint posterior probability and unit copy
numbers have almost simultaneously rising trend, especially
around 1000 iterations, as the copy number traces of R9 and
R10 step up, the trace of the unnormalized joint posterior
probability has a subsequent uprush.
In summary, the goals of the algorithm in Section 1.3 is
achieved in this synthetic data test.

Fig. 4: The trace plot of segment starting positions

5.3 Experiment 2: Test on Real Data
We run our experiment on 6 Short Tandem Repeats
(STRs) markers that have the length ranging from 131 bp
to 420 bp and the same pattern GATA or its shifted form
ATAG. With other 7 STR markers, this core set of 13 STR
markers are being used to generate the FBI Combined DNA
Index System (CODIS) database which has been successful

Fig. 5: The trace plot of unit copy numbers
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at linking DNA profiles from crime scene evidence and at
aiding paternity testing [20].
Table 6 presents the experiment result for these 6 STR
markers via the algorithm with the setting G = 3 and ε =
0.10, and the estimated motif matrix is as follows


0.93 0.03 0.94 0.02
 0.03 0.90 0.04 0.04 

Θ̂ = 
 0.00 0.06 0.00 0.00  .
0.04 0.01 0.02 0.94
For reference, TRF is used to detect tandem repeats within
each marker and the result is also shown in Table 6. We
find that the locations and the copy numbers of detected
tandem repeats using TRF is a little bit different from those
using our algorithm. But one of our superiorities is using
a probabilistic matrix to model tandem repeats rather than
only reporting unit pattern.
Table 6: Tandem repeats identified by TRF and our algorithm
TRF
Marker

Pattern

CSF1PO
D3S1358
D5S818
D7S820
D13S317
D16S539

AGAT
AGAT
AGAT
GATA
GATA
GATA

Ours

Location

Copy No.

Location

Copy No.

94
41
110
126
128
275

18
16.8
13.8
15.3
17.3
11

92
39
112
125
94
261

16
16
13
15
24
16

6. Conclusions And Future Work
In this paper, we expand the scope of identifying tandem
repeats to multiple DNA sequences, by relaxing the implicit
assumption of a single DNA sequence in existing work.
This is helpful in analyzing the relationship among DNA
sequences, e.g., different species, in the course of evolution.
Also, we introduce a full probabilistic generative model to
model the tandem repeats and a binary vector data structure
to address the inter-unit insertions problem. Furthermore, we
introduce Bayesian approach to detect tandem repeats in a
de novo fashion and use a collapsing technique to improve
computing efficiency. Last but not the least, we demonstrate
the effectiveness of the algorithm through experiments on
both synthetic data and real data.
We believe that Bayesian approach for identifying tandem repeats in multiple DNA sequences can find many
applications. Our work takes the initial step to enable this
repeats identification across multiple DNA sequences services. Many interesting and important directions are worth
exploring. For example, our work is limited in the sense that
requiring the pattern width to be input. Another question
is how to implement parallel computing on the MCMC
algorithm so as to make it converged into global optimum
faster. Studying these problems is an interesting future
direction.
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Abstract— Pairwise sequence alignment is a fundamental
computational problem in bioinformatics which forms the
basis of numerous other sequence comparison based applications. Alignment quality is usually judged by statistical
significance rather than by alignment score alone. Recent
studies on pairwise statistical significance present a useful
alternative to database statistical significance by making
the evaluation process more specific to the sequence pair
being aligned. Specifically, using a variant of pairwise
statistical significance called non-conservative pairwise statistical significance, and using position-specific substitution
matrices (PSSMs) have been individually shown to enhance
retrieval accuracy. In this paper, we combine the two abovementioned ideas, thereby estimating non-conservative pairwise statistical significance using PSSMs, which can use
PSSMs for both the sequences being aligned, unlike previous
methods. Experimental results presented in this paper reveal
that non-conservative pairwise statistical significance using
PSSMs gives significantly better retrieval accuracy performance than normal pairwise statistical significance using
PSSMs, and database statistical significance. Limitations of
the proposed method include dependence of its use on the
availability of PSSMs for both sequences being aligned, and
an increase in execution time by a factor of 2, compared to
normal pairwise statistical significance.
Keywords: Database statistical significance, Homologs, Nonconservative pairwise statistical significance, Pairwise statistical
significance, PSSM, Sequence Alignment

1. Introduction
With the abundance of biological sequence data available
in the public domain, sequence comparison has become one
of the most fundamental computational problems in bioinformatics and computational biology. In particular, pairwise
sequence alignment forms the basis of many applications
in the field requiring the analysis and comparison of DNA
and protein sequences [1], [2], [3], [4], [5], [6], [7], [8].
There exist several programs for sequence alignment that use
popular algorithms [9], [10] or their heuristic versions [4],
[11]. The heuristic implementations of sequence alignment
are especially useful for database search application, where
one sequence is the query sequence, and the other sequence
is a database.

Although the alignment score reported by pairwise alignment programs is an indicator of the similarity of the two
sequences being aligned, by itself it does not tell much
about their biological relatedness (homology). For instance,
two related sequences of length 50 may have an alignment
score of 50, and two unrelated sequences of length 500
may have an alignment score of 200. Thus, estimating
statistical significance of an alignment score is very useful
in sequence comparison. An alignment score is considered
statistically significant if it has a low probability of occurring
by chance, given the conditions in which it was constructed.
Since the alignment score distribution depends on various
factors like alignment program, scoring scheme, sequence
lengths, sequence compositions [12], it is possible to have
two alignments of different sequence pairs with scores x and
y with x < y, but x more significant than y. It is widely
accepted that statistical significance is a better metric for
homology than alignment score alone. Accurate estimation
of statistical significance of gapped sequence alignment has
attracted a lot of attention in the recent years [3], [13], [5],
[14], [15], [16], [17], [18], [19], [20], [21]. Of course, it
is important to note here that statistical significance is still
a statistical measure which has been found to be a good
preliminary indicator of biological significance, and does not
necessarily imply biological significance [22], [6], [12], [7].
For database search programs like BLAST [4], FASTA
[5], [11], SSEARCH (using full implementation of SmithWaterman algorithm [9]), and PSI-BLAST [4], [15], the
statistical significance of hits (database sequences found to
be similar to the query sequence) reported is called database
statistical significance, which is dependent on the size and
composition of the database being searched. Over the last
few years, the search performance of BLAST and PSIBLAST programs has significantly improved by the use of
composition-based statistics and other enhancements [15],
[23], [18].
Over the last couple of years, pairwise statistical significance has been shown as an alternate method to evaluate the statistical significance of an alignment [19], [24],
which is specific to the sequence-pair being aligned, and
independent of any database. Further studies on pairwise
statistical significance using multiple parameter sets [25],
sequence-specific and position-specific substitution matrices
[26] have demonstrated it to be a promising method capable
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of producing much more biologically relevant estimates of
statistical significance than database statistical significance.
A simple variant of pairwise statistical significance called
non-conservative pairwise statistical significance has also
been proposed [27] where experiments were conducted
with standard substitution matrices, and the potential of the
proposed method was demonstrated with sequence-specific
substitution matrices. Pairwise statistical significance using
position-specific substitution matrices (PSSMs) [26] has
been shown to potentially give the best retrieval accuracy
performance (depending on the quality of PSSMs) amongst
using all possible combinations of pairwise/database statistical significance with standard/sequence-specific/positionspecific substitution matrices.
Since using non-conservative pairwise statistical significance and using PSSMs have individually shown good
potential for effective sequence comparison, it motivates
the combined use of the two above-mentioned strengths
for sequence comparison. In this paper, we use these ideas
together by using non-conservative pairwise statistical significance with PSSMs. Results confirm that non-conservative
pairwise statistical significance using PSSMs as presented
in this paper gives significantly better results than normal
pairwise statistical significance using PSSMs [26], which
has been earlier shown to give the best results amongst
using all possible combinations of pairwise/database statistical significance with standard/sequence-specific/positionspecific substitution matrices.
The rest of the paper is organized as follows. Section 2
presents the description of the methods used in this work,
followed by the experiments and results in Section 3, and
finally the conclusion and future work in Section 4.

2. Methods
2.1 Pairwise statistical significance
Score distribution for ungapped local alignment is known
to follow a Gumbel-type EVD [28], with analytically calculable parameters, K and λ. The probability that the optimal
local alignment score S exceeds x is given by the P-value:
Pr(S > x) ∼ 1 − e−E

,

where E is the E-value and is given by
E = Kmne

−λx

.

and m and n are the lengths of the two sequences being
aligned. Lower the P-value, higher the statistical significance, and potential biological significance.
For gapped alignment score distribution, no perfect statistical theory has yet been developed, although there is
sufficient empirical evidence that it also closely follows
Gumbel-type EVD [3], [13], [5], [14], [29], [30], [7], [31],
even when using multiple parameter sets [25] and positionspecific substitution matrices, as used by PSI-BLAST. The
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currently available theoretical results [32], [33] also support
the assumption that gapped alignment score distribution
follows Gumbel-type EVD. Therefore, the frequently used
approach has been to fit the score distribution to an extreme
value distribution to get the parameters K and λ. The
approximations thus obtained are in general quite accurate
[7]. References [6], [34], [12], [7] provide some excellent
reviews on statistical significance in sequence comparison.
Pairwise statistical significance attempts to make the statistical significance estimation process more specific to the
sequence pair being compared. A study of pairwise statistical
significance [19], [24] compared various approaches to estimate pairwise statistical significance like ARIADNE [14],
PRSS [11], censored-maximum-likelihood fitting [35], linear
regression fitting [31] to find that maximum likelihood fitting
with censoring left of peak (described as type-I censoring in
[35]) is the most accurate method for estimating pairwise
statistical significance.
Pairwise statistical significance described in [19], [24] can
be thought of as being obtainable by the following function:
P airwiseStatSig(Seq1, Seq2, SC, N )
where Seq1 is the first sequence, Seq2 is the second
sequence, SC is the scoring scheme (substitution matrix,
gap opening penalty, gap extension penalty), and N is
the number of shuffles. The function P airwiseStatSig,
therefore, generates a score distribution by aligning Seq1
with N shuffled versions of Seq2, fits the distribution to an
EVD using censored maximum likelihood fitting to obtain
the statistical parameters K and λ, and returns the pairwise
statistical significance estimate of the pairwise alignment
score between Seq1 and Seq2 using the parameters K and
λ. The scoring scheme SC can be extended to use sequencepair-specific distanced substitution matrices or multiple parameter sets, as used in [36] and [25] respectively. Further,
a sequence-specific/position-specific scoring scheme SC1
specific to one of the sequences (say Seq1) can be used
to estimate pairwise statistical significance using sequencespecific/position-specific substitution matrices [26].

2.2 Non-conservative pairwise statistical significance
Using the above described P airwiseStatSig function
two times with different ordering of sequence inputs, conservative, non-conservative, and average pairwise statistical
significance was defined in [27]. Let
S1 = P airwiseStatSig(Seq1, Seq2, SC, N )
S2 = P airwiseStatSig(Seq2, Seq1, SC, N )
Then,
Conservative
Pairwise
Statistical
= max{S1, S2}
Non-Conservative
Pairwise
Statistical

Significance
Significance
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= min{S1, S2}
Average Pairwise Statistical Significance = avg{S1, S2}
Using the P airwiseStatSig function two times in this
way makes sure that both sequences are shuffled separately
to generate two different distributions to get two different
pairwise statistical significance estimates for the same sequence pair (S1 and S2), and the final reported pairwise
statistical significance estimate is a simple function of these
two individual estimates (max, min, and avg respectively).
This approach is expected to have the most influence
(good or bad) when the individual estimates S1 and S2
are sufficiently different, since if they are almost equal,
all the three proposed estimate measures would be roughly
the same. Further, this approach also facilitates the use
of sequence-specific/position-specific substitution matrices.
Since during the calculation of S1, only Seq2 is shuffled,
the sequence-specific substitution matrix for Seq1 can be
used for generating the empirical score distribution, even if it
is position-specific. Similarly, during the calculation of S2,
only Seq1 is shuffled, and the sequence-specific/positionspecific substitution matrix for Seq2 can be used for generating the score distribution. Since S1 and S2 are expected
to be most different when using sequence-specific/positionspecific substitution matrices for alignment, this approach is
expected to be very useful when sequence-specific/positionspecific substitution matrices are available for both the
sequences being aligned.
Just as while constructing an alignment of two sequences,
the dynamic programming algorithm tries to maximize the
alignment score because a higher alignment score implies
more similarity, intuitively, non-conservative pairwise statistical significance should perform the best of the three, since
it takes the minimum of the two estimates, and a low P-value
implies higher statistical significance and potential biological
significance. This is confirmed by both previous and current
results.

3. Experiments and Results
To evaluate the performance of non-conservative pairwise statistical significance with PSSMs and compare it
with previous work on pairwise statistical significance and
with database statistical significance, we used the same
experiment setup as used in [37], and later in [19]. A
non-redundant subset of the CATH 2.3 database (Class,
Architecture, Topology, and Hierarchy, [38]) available at
ftp://ftp.ebi.ac.uk/pub/software/unix/fasta/prot_sci_04/ was
selected in [37] to evaluate seven structure comparison programs and two sequence comparison programs. As described
in [37], this dataset consists of 2771 domain sequences and
includes 86 query sequences. This domain set is considered
as a valid benchmark for testing protein comparison algorithms [39].

Following [37], [24], Error per Query (EPQ) versus Coverage plots were used to visualize the results. To create
these plots, the list of pairwise comparisons was sorted
based on decreasing statistical significance (increasing Pvalues). Traversing the sorted list from top to bottom, the
coverage count is increased by one if the two sequences
of the pair are homologs, else the error count is increased
by one. At any given point in the list, EPQ is the total
number of errors incurred so far, divided by the number
of queries; and coverage is the fraction of total homolog
pairs so far detected. Te ideal curve would go from 0% to
100% coverage, without incurring any errors, which would
correspond to a straight line on the x-axis. Therefore, a curve
more to the right is better.

3.1 Non-conservative pairwise statistical significance using PSSMs
Here we present the results of using non-conservative
pairwise statistical significance using position-specific substitution matrices (PSSMs). PSSMs have been earlier shown
to vastly improve the retrieval accuracy when used with pairwise statistical significance [26]. PSSMs are also responsible
for the significant improvement of the search performance
using PSI-BLAST as compared to BLAST. PSI-BLAST
constructs PSSMs for each query over multiple iterations
of searches to find the database hits. Following the setup in
[26], we use the PSI-BLAST constructed PSSMs against
the benchmark database (CATH) and the non-redundant
protein database (NR) for our experiments. Fig. 1(a) and
1(b) show the EPQ vs. Coverage plot for different kinds of
pairwise statistical significance using PSSMs derived using
PSI-BLAST against CATH and NR databases respectively.
The PSSMs derived against NR are better in quality than
those derived against CATH since NR is a much larger and
comprehensive database. This is also reflected in the retrieval
accuracy performance in Fig. 1.
For the proposed variants of pairwise statistical significance, while calculating the individual estimate S1, the
PSSM specific to Seq1 was used for scoring scheme SC,
since Seq2 is shuffled during the estimation procedure.
Similarly, while estimating S2, the PSSM specific to Seq2
was used, since Seq1 is shuffled during its estimation. Fig.
1(a) and 1(b) reveal that using non-conservative pairwise statistical significance consistently and significantly improves
the retrieval accuracy, for both types of PSSMs, whereas
conservative and average pairwise statistical significance perform relatively poorly when used with low-quality PSSMs.
The superior performance of non-conservative pairwise statistical significance can be explained by the fact that just
as while aligning two sequences we try to maximize the
alignment score (using dynamic programming algorithm, for
example), while estimating statistical significance as well
we should try to maximize the significance, which means
minimizing the P-value, since a low P-value indicates high
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Fig. 1: EPQ vs. Coverage plot for original, conservative, non-conservative, and average pairwise statistical significance using
position-specific substitution matrices derived against CATH and NR database using PSI-BLAST. Non-conservative pairwise
statistical significance consistently performs better than the other three variants of pairwise statistical significance for both
types of PSSMs.

Fig. 2: Comparison of normal and non-conservative pairwise statistical significance using position-specific substitution
matrices with database statistical significance using PSI-BLAST.

266

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Fig. 3: Retrieval accuracy performance comparison of non-conservative pairwise statistical significance using
standard/sequence-specific/position-specific substitution matrices, with database statistical significance. Curves for normal
pairwise statistical significance using PSSMs is also shown to get the overall picture of the relative performance.

statistical significance. Non-conservative pairwise statistical
significance reports the minimum of the two individual
estimates of P-values and thus performs better than other
variants.

3.2 Comparison with database statistical significance
Since the EPQ vs. Coverage curves on the complete
dataset can be distorted due to poor performance by one
or two queries (if those queries produce many errors at
low coverage levels) [37], for comparing the performance
across different sequence comparison methods, we examine
the performance of the methods with individual queries,
following the work in [37]. The coverage of each of the
86 queries at the 1st, 3rd, 10th, 30th, and 100th error was
recorded, and the median coverage at each error level was
compared across different sequence comparison methods.
Fig. 2 shows the comparison of normal and nonconservative pairwise statistical significance using PSSMs
with database statistical significance using PSI-BLAST. The
PSSMs were obtained using PSI-BLAST both against the
benchmark database (CATH) and the non-redundant protein
database (NRP). The curves for normal pairwise statistical
significance using PSSMs are taken from [26]. The curves
clearly demonstrate that using non-conservative pairwise

statistical significance using PSSMs gives significantly better
results than PSI-BLAST and normal pairwise statistical
significance, using both types of PSSMs.
Fig. 3 shows the overall picture of the retrieval accuracy
performance comparison. The curves labelled NCPairwiseStatSig_PSSM_CATH and NCPairwiseStatSig_PSSM_NRP
as in Fig. 2 and Fig. 3 correspond to the new results
presented in this work, which demonstrate that a significant performance improvement in retrieval accuracy can
be attained using the concept of non-conservative pairwise
statistical significance, if the PSSMs of both the sequences
being compared are available.
The obvious limitations of the proposed method is the
two-fold increase in the execution time for estimating nonconservative pairwise statistical significance, and the need
for the availability of PSSMs of both the sequences being
compared. Depending on the application, this may add
significant overhead in terms of computation during the execution and/or as a pre-computation (for example, of PSSMs
for all database sequences for database search application).
This may make the proposed method currently applicable
only to certain applications requiring the analysis of small
number of sequence-pairs. However, the demonstrated significant improvement in retrieval accuracy using the proposed combined use of non-conservative pairwise statistical
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significance and PSSMs is expected to motivate researchers
to develop better and faster methods for constructing PSSMs
for a sequence, and for pairwise statistical significance estimation. The work on developing fast methods for pairwise
statistical significance estimation using high performance
computing techniques is in progress [40], [41].
The C implementation of the proposed methods in
this paper is freely available for academic purposes at
www.cs.iastate.edu/∼ankitag/NCPairwiseStatSig.html

4. Conclusion and Future Work
This paper combines the use of non-conservative pairwise statistical significance and position-specific substitution
matrices (PSSMs) for sequence comparison, both of which
have been previously shown to enhance retrieval accuracy.
Experimental results confirm that using them together further
improves accuracy. However, the limitations are an increase
in the execution time by a factor of 2, and the need
for availability of PSSMs for both the sequences being
compared to be able to use the proposed method.
Although pairwise statistical significance has been shown
to give significantly better results than database statistical
significance in terms of retrieval accuracy, the pairwise
statistical significance estimation methods described in this
paper can be used only for estimating the pairwise statistical
significance of a few pairs of sequences in a reasonable
time, and hence, cannot be used as a method for all pairwise
comparisons in a large database search. However, it can be
used in conjunction with a fast database search program like
BLAST or PSI-BLAST to refine their results [42]. Given
that PSI-BLAST naturally constructs a PSSM for the query
sequence, this can be especially useful since no extraneous
computation during the database search would be required
to get the PSSMs for the two sequences being compared
at any time, if the PSSMs of the database sequences are
pre-computed.
Since conservative, non-conservative, and average pairwise statistical significance effectively uses the original
pairwise statistical significance estimation routine two times,
the computational time is doubled (for the same number
of shuffles). This may not be a bottleneck for applications
where only two or a few sequences are to be compared, but
certainly faster methods for significance estimation would
be very helpful. Another aspect of future work is to develop methods to construct better quality position-specific
substitution matrices, since they significantly influence the
sequence comparison performance, a fact also underscored
by this work.
ïż£
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Abstract— Protein functional site prediction plays a key role
in understanding protein function and in protein engineering.
In this work we developed a novel method using canonical
correlation analysis and the conservation window technique
to predict protein ligand binding sites. The method was
tested with a well-known benchmark dataset and consistently
outperformed the existing method Xdet, which is based on
Pearson correlation, by improving the lowest and highest
ranking positives for more than 18% and 22% respectively.
Keywords: Canonical Correlation Analysis, Functional Residues,
Multiple Sequence Alignment, Specificity Determining Positions.

1. Introduction
Functional sites refers to regions in a three-dimensional
protein structure that perform certain function, such as ligand
binding. These sites are primarily composed of a cluster of
amino acids, though sometimes non amino acid components
(such as metal ions) may also be required for the function.
Typical sites can be catalytic sites that bind substrates in
enzymes, regulatory sites that bind regulatory factors, sites
that bind proteins or non-protein entities such as metal ions,
nucleic acids, or other ligands. One main characteristic of
these functional sites is the evolutionary conservation of the
sequence composition, which therefore is most commonly
used for identifying them.
Identification and prediction of functional residues is an
important topic in computational biology and has attracted
strong interest during the past decade. Accurate prediction
and characterization of functional sites can lead to distinct
sequence patterns, which can be stored in public databases
and searched with pattern matching techniques for identifying distant homologues and predicting function. Furthermore, identification of residues that account for protein
function specificity is crucial, not only for understanding
the nature of functional specificity, but also for protein
engineering experiments aimed at tuning the specificity of
an enzyme, regulator or transporter.
As mentioned above, functional sites are usually evolutionarily conserved in their amino acid composition. This
is because some specific patterns of amino acids in the
protein sequence are essential to shape up and maintain
certain often well-defined three-dimensional (3D) structures
that are needed for the function; drastic variation of amino

acids at such sites would have caused loss of structure
and function and therefore more likely succumb to selection pressure. Therefore, most methods for functional
site identification utilize measures of amino acid sequence
conservation in homologous sequences [1] [2], based on
the assumption that functional sites are relatively conserved
during evolution. However, to predict functional residues
using only conservation information might cause false predictions. This is because sequence conservation reflects not
only evolutionary selection at functional sites to maintain
protein function, but also selection throughout the protein
to maintain the stability of the folded state. Besides, protein
structures can be conserved without necessarily satisfying
sequence conservation. In other words, proteins evolve under
selection pressure to both maintain the stability of the overall
structure and biochemical function, but this pressure can
be endured even allowing sequence variation, as long as
the structure is maintained. Consequently, some methods
have been developed for functional residue prediction based
on protein structural information. These methods look for
structural features frequently associated with active sites
and binding sites, like low-stability regions [3], special
connectivity patterns extracted from residue-residue contact
networks [4], patterns in the protein surface geometry [5],
energy considerations [6], and chemical properties [7]. Note
that structural information, while more reliable, is typically
harder to attain and thus less commonly available than
sequential information for most proteins.
Pazos et.al. [8] recently proposed a method for detecting
functional residues that relies on neither conservation nor
structural information, but rather on the functional classification of a set of proteins that are believed to share one
or more functional sites. A good example of such family
of proteins is the set of enzymes that catalyze the same
reaction on different organisms. Pazos’ algorithm, called
Xdet, takes as input a multiple sequence alignment (MSA)
of the sequences in the family and predicts as functional
sites those column (or positions) whose pairwise amino acid
similarities maximally correlate with the proteins’ functional
classification. This correlation is measured by the Pearson correlation coefficient. Because the Pearson correlation
is calculated based on fixed pairings of variables, some
subtle and potentially revealing correlations among residue
compositions and functional specificity can be missed out.
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rk = qP

P

i,j

Fig. 1: Xdet method. A sequence alignment of eight proteins
is depicted. The implicit phylogeny based on the sequence
relationships extracted from the alignment is shown on the
left. The proteins also have a functional classification which
is not reflected in the phylogeny, and is represented in a
tree-like structure or a hierarchy (rightmost tree). To assess
whether a given position in the alignment is related with
that particular functional hierarchy, a matrix containing all
the amino acid changes occurring at that position is constructed and compared with an equivalent matrix containing
the functional similarities between the proteins previously
defined.

In this work, we investigate using canonical correlation
analysis (CCA) to detect these correlations for more accurate
prediction.

2. Methods
2.1 Phylogeny-independent detection of functional residues
Pazos’ Xdet method [8] is intended to locate positions
in a MSA which are related to the functional classification
of the proteins, ideally when the functional classes can be
categorized by a hierarchy, or distances between them can
be defined. The idea is that, in these positions, amino acid
substitutions with a more negative value in PSM or BLOSUM matrix between two proteins would be related with a
high functional difference between these proteins, and vice
versa. Figure 1 shows a schema of Xdet. For each position in
the alignment, a matrix quantifying the amino acid changes
for all pairs of proteins is constructed based on a substitution
scoring scheme, such as BLOSUM. In this matrix, a given
entry represents the similarity between the residues of two
proteins at that position. Another matrix is constructed from
an external explicit functional classification, and each entry
of this matrix represents the “functional similarity” between
the corresponding proteins (for the functional feature we are
interested in). These two matrices are compared elementwise with a Pearson correlation coefficient rk :

¯  · Fij − F̄ 
A(k)ij − A(k)
q
2 (1)
¯ 2 · P
A(k)ij − A(k)
i,j Fij − F̄

i,j

where A(k)ij is the similarity between the amino acids of
proteins i and j at position k in a multiple alignment of
N proteins of length L, and Fij the functional similarity
between proteins i and j, and bars mean averages; rk gives
the score for position k.
Positions with high rk values are the ones for which
similarities between amino acids are correlated with the
functional similarities between the corresponding proteins,
and hence are predicted as the ones related with functional
specificity.

2.2 Canonical Correlation Analysis (CCA)
Xdet measures the correlation between the amino acid
similarity matrix and the function similarity matrix by treating them as vectors and calculating their Pearson correlation
coefficient. This is a common measure of the correlation
(linear dependence) between two vectors. Geometrically, the
Pearson correlation coefficient can also be viewed as the
cosine of the angle between the two vectors of samples
drawn from the two random variables. A different measure of
correlation, the canonical correlation, does not treat direction
of the two vectors as fixed, but allows rotations in their
principal components to find stronger correlations.
Canonical correlation analysis is a theory developed by
Hotelling [9] and widely used in pattern analysis [10].
Consider two sets of variates X and Y (vectors of random
variables) with a joint distribution, and the Pearson correlation coefficient measures the correlation as manifested in X
and Y .
cov(X, Y )
r= p
var(X) · var(Y )

(2)

where cov(X, Y ) is the covariance between variates X and
Y , and var(X) and var(Y ) are their variances. The goal of
CCA is to analyze the maximum correlation if we allow the
vectors (X) and (Y ) to be rotated in the space of each set
of variates
X → φ(X), Y → ψ(Y )

(3)

in such a way that the new coordinates maximize the
correlation between the two sets of variates. This leads to
the following optimization:
cov(φ(X), ψ(Y ))
r∗ = max p
.
φ,ψ
var(φ(X)) · var(ψ(Y ))

(4)

The maximization of the correlation r in Eq. 4 boils down
to choosing the orientations to rotate the vectors X and Y
and can be solved as a generalized eigenvalue problem [10].

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

For any column k in the multiple sequence alignment,
take the alignment similarity A(k)ij as X and the functional
similarity Fij as Y , it is straightforward to apply CCA to
measure the maximized correlation rk∗ between amino acid
similarity A(k) at position k and functional similarity F . By
allowing the correlation measure to reach beyond the fixed
direction of the sampled vectors, more subtle and complex
sources of mutual information may be discovered, leading to
the method that is capable of finding signals in highly noisy
environments – in this case signals that might have been
buried in the phylogeny relationship among the sequences
which is intrinsic in the MSA.

2.3 Conservation Window
When calculating the correlation between the amino acid
similarity matrix of each column in a MSA and the functional similarity matrix, regardless of the correlation measure
used, it is not uncommon to find columns with identical
score but actually quite different in relation to the functional
specificity. In other words, correlation itself is not sufficient
to differentiate some sites. Capra and Singh [11] proposed a
heuristic to untie these degenerate scores. They notice that
if two columns have the same correlation score (according
to any measure), one might think that the one in the area
of greater conservation is likely to be of greater importance
for specificity or function. The heuristic, named ConsWin
(Conservation Window), incorporates the conservation of
sequentially adjacent positions into the correlation score in
the following way:

ConsW in(c) = λ·corr(c)+(1−λ)·

P

Cons(ci )
(5)
|win|

i∈win

where c is the column being considered, win is a set containing the indices of all columns in a window around, but
not including, the column c, and corr(c) is the correlation
score for column c calculated using Eq. 1 for Xdet or using
Eq. 4 for CCA. The second term is the average conservation
of the window; Capra and Singh propose to use the JensenShannon [12] divergence to estimate conservation Cons(ci ).
This is a measure intended to quantify the similarity between
probability distributions, and is defined, for a column c, as:
DcJS = α · RE(pc , s) + (1 − α) · RE(q, s)

(6)

where s = α · pc + (1 − α) · q, RE is relative entropy, pc
is the column amino acid distribution, q is a background
distribution (we use BLOSUM62), and α is a prior weight
that was set up to 0.5. The size of the window |w| will
have to be experimentally optimized for best performance,
so will the weight λ. Unlike Capra and Singh, we multiply
the correlation score at each position c (according to Xdet
or CCA) by its corresponding conservation measure given
by ConsW in(c) to obtain the final score that is assigned to
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each column. This allows regularization taking into account
background information in a broader range.

3. Results
We tested our new method on the dataset created
and provided by Capra and Singh [11], available at
http://compbio.cs.princeton.edu/specificity/. This is a dataset
composed of 106 MSAs. Each MSA contains domain sequences of proteins (enzymes) from the same Pfam domain
family with significant sequence identity, and the enzyme
commission (EC) numbers of these sequences are the same
except for the last part, which specify the substrate these
enzymes catalyze. Therefore, sequences in a MSA belong
to one of two different specificity groups by their specific
substrate according to their fourth-level EC number. The true
positive positions in each MSA are residues near ligands,
which are found in two ways: for each chain (protein
sequence), if a relevant ligand is present, they label as
positives all chain residues with an atom within 5Å of a
relevant ligand atom. Since many enzymes do not have 3D
structures in complex with their substrate, catalytic sites are
used as a proxy for the location of ligands and include all
residues within 5Å of a catalytic site.
Therefore, for each MSA, we know what columns are
the true positives, i.e. the functional residues, also called
specificity determining positions (SDPs). Without using the
label of each column, we can calculate its correlation coefficient according to Xdet and according to the CCA, and
each score is then weighted by the ConsW in(c) score. If
the predictor were perfect, the weighted scores would rank
the true positives at the top of the list (higher scores), and
non specificity determining positions at the bottom (lower
scores). A less perfect predictor would mix up the positives
with negatives in the list ranked by the weighted scores. The
performance for the prediction can be measured by ROC
score, which is the normalized area under the curve (AUC)
that plot the number of true positives as a function of false
positives when moving the threshold down the ranking list.
Figure 2 (left column) compares the performance of Xdet
(crosses) and CCA (bullets) by the ROC score for each
MSA and averaging it over the 106 MSAs in the dataset.
Results for three different λ are shown, namely λ = 0.1
(top row), λ = 0.5 (middle row) and λ = 0.9 (bottom
row). The parameter λ balances the contributions of the
functional correlation score and the conservation score to
the final score of each column. High values of λ give more

Method

Average AUC

Xdet
CCA

94.4%
95.11%

Average position
of lowest SDP
38.04
30.97

Average position
of highest SDP
5.52
4.28

Table 1: Performance comparison between Xdet and CCA,
when λ = 0.9 and |win| = 20.
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Fig. 2: Prediction results according to the area under the ROC curve (left column), and according to the position of positive
columns (functional residues, or SDPs) in the ranking of scores assigned to all positions in the MSA (right column): lowest
ranked SDPs are at the top, and highest ranked SDPs are at the bottom. Crosses correspond to scores calculated using
Xdet, and bullets to scores calculated using CCA. All scores are weighted by ConsW in(c). Results for λ = 0.1 (top row),
λ = 0.5 (middle row), λ = 0.9 (bottom row) and for |win| = {1, 2, ..., 20} are presented. See the text for a more detailed
description of these curves.

weight to the functional correlation, and low values give
more importance to the conservation around the column (see
Eq. 5). For each λ in Fig. 2, we have varied the number of

columns in the window, |win|, from 1 to 20, and calculated
the AUC score for each |win|. For low values of λ, Xdet
presents better performance than CCA, and greater window
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lengths improve the prediction results. However, the best
performance is obtained with λ = 0.9, in which case CCA
outperforms Xdet (AUC with Xdet is 0.94, with CCA it is
slightly improved to 0.95), and for this λ the dependence
on window length is not significant. These results are also
shown in Table 1.
Another way to evaluate prediction performance, also
used by Capra and Singh [11], is by finding the position
of each positive column (functional residue, or SDP) in
the ranking of the scores of all the columns in the MSA.
Ideally, in a MSA with C columns and T true positives,
the perfect predictor would rank the specificity determining
columns from 1st through T -th, and the negative examples
would be ranked (T + 1)–th through C–th. Figure 2 (right
column) shows two curves for each method, Xdet (crosses)
and CCA (bullets), and for each λ. The solid curve shows
the position of the lowest ranked positive example, and
the dotted curve shows the position of the highest ranked
positive (these are averages over the 106 MSAs). The results
are consistent with the AUC scores: best performance is
obtained using λ = 0.9, meaning that functional correlation
discriminates better than conservation (notice how when
λ = 0.9 the ranking of positives is, again, independent of the
conservation window length). It is clear that the CCA method
outperforms the Pearson correlation coefficient in revealing
the correlation between function and positions in the MSA.
Using λ = 0.9, the performance improvement goes, for
the lowest ranked positive, from 38.02 with Xdet to 30.80
(∼ 18% improvement) with CCA, and for the highest ranked
positive, from 5.51 with Xdet to 4.27 (∼ 22% improvement)
with CCA.

4. Conclusions
We have shown in this work that by applying canonical correlation analysis on vectors characterizing candidate
functional sites in proteins for ligand binding and vectors
characterizing known binding specificity, our new method is
able to detect binding sites more accurately than the previous
method that uses Pearson correlation analysis, in which the
vectors are fixed in pre-aligned frames. The new method
is also shown to be more amicable for regularization to
take into account prior knowledge and/or background of protein sequence conservation. Also, the canonical correlation
analysis provides a powerful platform that can be used to
detect signals present at multiple sites in a correlated way,
which cannot be detected by current methods that assume
site independence. Study of multiple sites detection will be
the focus of our future work.
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Abstract— Pattern driven motif finding is generally known
as rather inefficient or not producing results of good quality.
However, collecting statistical information on input data
with a pattern driven approach appears to be very fast.
The gathered information can be used for the identification
of statistically relevant subsequences occurring in the input
data as well as the detection of underrepresented sequences.
Moreover, a statistical profile of every subsequence helps in
determining their degree of conservation.
We propose a simple, but efficient method for collecting
statistical information on every fixed length subsequence of
DNA input data while storing a profile for every subsequence
containing information on the mismatches to similar subsequences. Furthermore, the reverse complement is considered. This MotifMap is re-usable and can be evaluated for
different kinds of pattern detection. We show examples of
how to create filters for the analysis of this MotifMap. We
have tested this method on several nucleotide sequences of
different size, both natural and artificial ones. The runtime
on a standard PC, e.g. for building a MotifMap for motif
size l = 8 of Cowpox virus genome, is only 40s.
Keywords: pattern driven motif finding, pattern recognition,
underrepresented motifs, conserved motifs, DNA sequence analysis

1. Introduction
Motif finding algorithms are developed to find subsequences of DNA or protein sequences which have some
biological relevance. This “biological relevance” can have
different meanings. Very often, DNA motif finding is related to the detection of transcription factor binding sites
(TFBS). These sites are biologically relevant since they
are essential for the control of gene expression. Such sites
are characterized by a short length from about 8 to 15
nucleotides, without any previously known structure. For
their identification, samples of gene sequences which are
expressed by the same factors are taken as input data for
motif finding algorithms. The assumption is that all equally
expressed genes are controlled by the same transcription
factors. Hence, the task for the algorithms is to find several
occurrences of a previously unknown string which additionally may contain slight modifications in their instances.
Many researches have already worked on the field of
motif finding, especially identifying TFBS, leading to a
multiplicity of algorithms. The basis of today’s most famous

ones are MEME [1], using expectation maximization (EM),
the traditional Gibb’s Sampler [2], and CONSENSUS [3],
a greedy approach to find good position weight matrices
(PWMs).
Later, these algorithms were enhanced and refined resulting in algorithms such as PROJECTION [4] and MULTIPROFILER [5], using clever methods to find good seeds for
the EM-method; AlignACE [6] is an enhanced Gibb’s Sampling approach; WINNOWER and SP-STAR [7] are finding
cliques like in the original Gibb’s Sampler but with reduced
search space respectively using heuristics in a pattern driven
method; Weeder [8], another popular pattern driven method
using suffix trees; Allegro [9] uses PWMs (position weight
matrices) in conjunction with CFMs (condition frequency
matrices); MotifMiner [10] is a table driven greedy approach;
and BMA [11] reduces PWMs to Boolean matrices for an
easier hardware implementation.
All these algorithms have one thing in common. They
search for signals with some kind of statistical overrepresentation in the input data to identify sequences with biological
significance. Furthermore, most of them are only suitable for
particular problems [12], e.g. PROJECTION is addressing
specifically one of the planted (l, d)-motif problems, an
approach to a combinatorial formulation of the problem of
detecting transcription factor binding sites, first introduced
by Pevzner and Sze [7].
While searching for such overrepresented candidates,
either many initialization candidates are investigated and
only the information for the “best” candidates is taken,
while other information is silently discarded (greedy and
pattern driven approaches), or data structures, such as graphs,
are being created for the only purpose to efficiently find
such overrepresentations (e.g. Gibb’s Sampling). In contrast,
our approach creates a data structure called “MotifMap”
containing statistical information of every subsequence of
a specified length. This information includes the number of
occurrences of other subsequences for a number of userdefined Hamming distances. Additionally, a profile for every
considered distance is created, collecting information on
which positions modifications have occurred. This information can be very useful for the identification of motifs with
high conservation and only a few variations on particular
positions.
Although it has already been shown that such pattern
driven algorithms generally perfom badly on difficult planted
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Fig. 1: Structure of a MotifMap: n = 50k (random source with a planted motif, error 10%), l = 12, distances d = 1 . . . 4

(l, d)-motif problems [13], like the (15, 4)-motif problem,
the collected statistical information is very helpful for special
kinds of sequence motifs with other biological relevance.
In particular, firstly, TFBS should be “unique” to prevent
binding of factors on sites where they would imply an interference in other biological reactions. Thus, we are addressing
overrepresented sequences, which we call conserved, i.e.
with only a few modifications admitted, the sequence should
have significant differences to all other subsequences of the
input data, as well as having modifications always at the
same positions.
Secondly, a currently discussed topic is the biological
relevance of underrepresented subsequences in terms of
probability of occurrence, i.e. if the number of occurrences
of such subsequences is significantly less than the probability
of occurrences in an appropriate random sequence of the
same length as the input sequence.
Since we collect information for every subsequence in
advance, the identification of such sequences is easy. In
chapters 2 and 3, we show how to create a MotifMap and
efficiently apply filters to identify these sequences of interest.
Finally, in chapters 4 and 5, the paper concludes with the
performance results of an implementation on a standard PC.

2. Creating MotifMaps
2.1 Preparing the Map
A MotifMap is a simple array-like data structure for DNA
sequences, containing statistical information on every substring of specified length. The creation of such a MotifMap is
rather simple. Firstly, since we are analyzing DNA input data
consisting of sequences over the alphabet L = {A, C, G, T },
every subsequence of a user-defined length l is converted
to a 2-bits-per-character representation, such that a standard
integer data type fits a sequence of l = 32 on a 64-bit
architecture.
These values are kept in a list and sorted alphanumerically
afterwards. The sorting has the advantage that all exactly
matching subsequences are placed next to each other in

the list. Furthermore, sorting is very fast since every substring is now represented by a simple numerical value. Our
implementation uses the Quick Sort algorithm which is of
quadratic complexity in the worst case, but on the average
even faster than algorithms with complexity O(n log n).
Each entry is now associated with a counter value stored
in a second list. Equal entries can now easily be combined
and the counter is adapted respectively. Especially for short
sequences (low values of l), this reduces the number of
entries, and hence runtime, significantly.

2.2 Collecting Information
To collect the statistical information, every entry is associated with a number of new fields, each corresponding
to a user-defined distance value, storing the number of
occurrences of subsequences with exactly this distance to
the current entry. Let d be the number of these userdefined distance values and m be the number of entries
in the list after reduction. Thus, m · d fields have to be
added. Additionally, counters for every l positions in the
subsequences for each distance value are applied, leading to
m · d · l additional fields. Although this can be very memory
consuming, this information, however, must be stored to get
a complete profile for each entry. To illustrate the structure
of a MotifMap, figure 1 depicts an example.
The most time consuming part is to fill the fields with
the desired information. Each entry is compared to each
other, calculating the Hamming distance and collecting
information on the positions with mismatches. With each
calculated distance the corresponding counters are incremented respectively for both compared entries. This is to
prevent comparing the same sequences twice. Hence, a total
number of 12 n(n−1) comparisons have to be done, resulting
in quadratic complexity. Details on how to calculate the
Hamming distance efficiently can be seen in the section
below.

2.3 Determining the Hamming Distance
To perform a quick calculation of the Hamming distance,
the entries are composed by a bitwise XOR operation and
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Fig. 2: Determining the Hamming distance of two subsequences with an 8bit lookup table.

the result is simply looked up in a table. It appeared to be the
fastest way to use an 8bit lookup table. Hence, the result of
the XOR composition is split in several parts and, for each,
the distance is looked up and accumulated afterwards. This
method is illustrated in figure 2. To get the positions of the
mismatches, a similar method is used. Pointer lists for the
appropriate positions are stored in an 8bit lookup table as
well.
Alternatives for the determination of the Hamming distance are, firstly, a simple comparison of each character step
by step. This turns out to be the most simple but slowest
way.
Secondly, another option is to use the bitcount function built-in in most of modern processors, but since base
characters are encoded in two bits, several operations were
necessary in advance (one XOR, two bit masks with AND,
one left shift, one OR), before bitcount leads to the expected
result. Hence, this is also slower than using an 8bit lookup
table as described above.
Using a 16bit lookup table instead of 8bit is another
alternative. This is slightly slower in our case, but heavily
dependend on the size of the L1-cache of the CPU.

2.4 Reverse Complement
If necessary, even the reverse complement strand is considered by our method. This doubles the number of comparisons to be made since after each comparison the first of
the sequences is converted into its reverse complement and
being compared again. The smaller distance of these two
results is taken for the further analysis.
This way is sufficient since inserting all reverse complement strings into the list of subsequences would introduce
unnecessary comparisons, e.g. comparing a sequence with its
own reverse complement. This would increase the runtime
by a factor of four. Also taking the minimum distance value
is correct, since the best match is either on the forward or the
reverse strand. The consideration of the reverse complement
can manually be switched off, e.g. if the user analyzes RNA
data.

3. Result Filtering
Since our method collects all the necessary statistical
information for every subsequence of the input set, one can
easily define filters to highlight the desired information in

the MotifMap. In the following, all stated examples perform
the filtering in a single run on all entries, thus requiring only
linear runtime.

3.1 Conserved Profile
The simplest way to filter results is to pick entries with
a high number of occurrences in the fields of a particular
distance, but this very often leads to unintentional results,
dominated by highly overrepresented subsequences, such as
repeats. Of course, these could have been filtered out in
advance, but overrepresentation is still not a sufficient criteria
for a motif since “noise” can easily lead to false positive
results.
Mostly, it is much more interesting to have a look at
the difference profile to see where mismatches do occur.
Sequences with mismatches on nearly every position are
rather considered as “noise”, whereby sequences may have
some biological significance with dominant mismatches on
only a small number of fixed positions, i.e. the difference
profile shows large numbers on particular fields, but zero
elsewhere.
Hence, the filter scans all entries to filter profiles for
a distance d with at maximum k positions exceeding a
threshold t (d, k and t are user-defined). The resulting list
can be sorted by the number of occurrences afterwards.
Figure 3 shows that many results with such characteristics
can be found by applying this filter on the MotifMap of
Cowpox virus genome (n = 230k) with l = 12, d = 2,
k = 3 and t = 0.

3.2 Conserved Motifs
Not only the positions of mismatches can be of interest.
To find other significant patterns, the conservation of a
motif should be considered, i.e. except for a small number
of tolerated modifications, the sequence should be unique.
Hence, the number of occurrences for a particular difference
value should not considerably increase while the tolerated
distance is increased, resulting in almost equal numbers
of occurrences for several distance values, and a sudden
increment on a higher distance.
A filter to find such patterns simply scans the number of
occurrences of a subsequence and compares the values for
several distances. Let di be the number of occurrences for a
particular subsequence of length l with a tolerated distance
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Fig. 3: Example of conserved profiles in Cowpox virus (n = 230k).
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Fig. 5: Example of underrepresentations in Bacillus subtilis (n = 5.9M ).

i. If for a range of user-defined distances [p, q] the number
of occurrences are almost equal, i.e. dp ∼
= dp+1 ∼
= ... ∼
= dq ,
this candidate will be filtered. The aberration is defined by a
value v, implying a difference of v is tolerated. Additionally,
a threshold value t for the number of occurrences dp can
be user-defined. Figure 4 depicts some conserved sequences
found in the MotifMap of Cowpox virus genome (n = 230k)
with l = 12, p = 1, q = 3, v = 1 and t = 10.

3.3 Underrepresented Motifs
Also underrepresented patterns can be of biological interest. The detection is rather simple. The MotifMap has to be
generated with a value for l such that every subsequence of
the input set is expected to occur several times. This is the
case if 4l  n, with n being the number of nucleotides in the
input set. The candidates are subsequences with only a few
number of occurrences. If mismatches should be tolerated,
the difference profile is to be considered again. Hence,
the simplest filter for underrepresentations is to take only
candidates with a number of plain occurrences less than a
threshold value t. To introduce a tolerated deviation, e.g. one
mismatch, this mismatch should only occur at one position.
Thus, almost all, but one, fields in the profile for the distance
value d = 1 should be zero.

Applying this filter on the MotifMap of the Bacillus
subtilis genome (n = 5.9M ) with parameters l = 10 and one
tolerated mismatch results in candidates depicted in Figure 5.

4. Performance Results
The runtime complexity of the method can be determined
in three steps. Firstly, the list creation, sorting and combining
costs O(n), O(n log n) and O(n) respectively. Secondly, the
pairwise comparison of entries takes O(m2 ) with m ≤ n
being the number of entries in the MotifMap. Thirdly, result
filtering costs O(m). Hence, the total runtime complexity is
quadratic and adds up to O(2n + n log n + m2 + m) which
is
O(n log n + m2 ).
The memory complexity depends on the total number of
fields needed to store the statistical information. There are
2m fields for the keys (subsequences) and their numbers of
occurrences, m · d fields for d distance values, and m · d · l
fields for the distance profile (l: length of subsequences).
In total 2m + m · d + m · d · l = m(2 + d(l + 1)) fields
are needed. Thus, the memory requirement scales linearly
on either modification of any of the variables m, d, and l
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Table 1: Runtime (using one CPU core) and memory utilization of creating the MotifMap for several input sizes (n) and motif
lengths (l). The difference profiles were stored for all Hamming distances from d = 1 to d = 4. The reverse complement
was not considered. m states the final number of entries in the MotifMap.
Input Set
Random
sequence
n = 50k
Cowpox
virus
n = 230k
Bacillus
subtilis
n = 5.9M

l=8
20s
10MB
m = 34, 947
40s
17MB
m = 49, 614
1m18s
70MB
m = 65, 534

l = 10
32s
14MB
m = 48, 865
6m53s
54MB
m = 167, 165
3h05m
320MB
m = 886, 335

l = 12
32s
18MB
m = 49, 930
10m02s
78MB
m = 213, 541
1d11h13m
1.1GB
m = 3, 096, 984

which results in the memory complexity
O(m · d · l).
The test system was an Intel Core2 Quad at 2.4GHz, 8GB
RAM, running a Linux operating system. The algorithm was
implemented in the C++ programming language, but using
only one of the four available CPU cores. Table 1 shows the
runtime and peak memory usage of several genome sizes (n)
and motif lengths (l). These values are simply measured by
using the standard Linux tools time and top.

5. Conclusion
Nowadays, it is not a problem to equip standard PCs with
a lot of memory and fast CPUs. Hence, collecting statistical
information on genomic data can be straightforward. We
have introduced a simple, but efficient method to collect a
tremendous amount of information in advance. The creation
of this MotifMap needs to be done only once for each DNA
sequence. Filters for many different types of statistically
noticeable information can easily be (re-)defined and quickly
be applied afterwards. We have presented a few, such as
underrepresented and conserved motifs. It cannot be denied
that a big disadvantage of this method is that the motif length
l must be known in advance, and that this method does not
perform well on special combinatorial problems as the (l, d)motif problem. However, this method is still capable of being
extended and the collected information can be very useful for
many other problems in genome analysis. Our future work
aims for introducing gaps in the creation of the MotifMap
and for the analysis of gapped motifs based on our criteria
introduced before.

l = 16
31s
24MB
m = 49, 985
10m29s
96MB
m = 220, 214
2d16h14m
1.8GB
m = 4, 173, 902

l = 32
31s
34MB
m = 49, 969
10m45s
150MB
m = 221, 021
4d17h29m
3.8GB
m = 5, 536, 026
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Abstract— Although recent studies have focused on the
association between complex diseases and single nucleotide
polymorphisms, these studies are limited by the cost of
genotyping enormous amount of SNPs. Hence, selecting a
subset with minimum number, at the same time, informative
SNPs is essential. Present methods can be divided into
three groups: haplotype LD-based, block-based and blockfree models, with their own advantages and drawbacks.
For example, because block-based methods do not consider
linkage disequilibrium between pairs of tag SNPs, their tag
SNPs may fail to represent all unselected SNPs. In our
research, we took the advantage of block-based and blockfree models to form a combinatorial strategy to select highly
reliable tag SNPs. We also transferred this problem into
maximum weighted bipartite matching-liked problem. Our
algorithm deployed zero-one integer linear programming
algorithm to find the optimal solution. This algorithm has
been implemented and examined on seven biological data
sets. Compared with other optimal selection algorithm, our
method promises higher association between pair-wise tag
SNPs that make the result more reliable for further experiments.
Keywords: Haplotype, set cover, Single Nucleotide Polymor-

SNP haplotype data is selecting an informative SNP subset,
namely "tag SNP", to represent a haplotype. In genetics
association disease studies, genotyping all samples’ SNP is
time consuming and costly. Although existing commercial
microarray platforms can assay over one million SNPs in a
single pass, under some condition like small sample size,
high-dimensional data set would raise the false positive rate.
Therefore, selecting a minimum set of tag SNP is essential
for further haplotype researches. For instance, Chapman et
al. deployed tag SNPs for type 1 diabetes related studies [3].
Several methods have been implemented for finding tag
SNPs. These methods can be classified into LD-based,
block-free and block-based models. In LD-based model,
one of the most common methods is to find a set of LD
clusters which their pair-wise SNPs in each cluster are in
high LD (e.g. r2 ≥ 0.8) [4]. Some studies have revealed that
long extensions of strong LD patterns are punctuated by
"hotspots (high recombination region of genomic DNA in
heredity)" to form discontinuous structures [5], [6]. Hence,
LD-based methods may fail to represent the haplotypes in
LD clusters. It is because if the distance between pair-wise
SNPs is too long, SNPs between these two tag SNPs may
not be available to be represented by all of them [7].

phism, tag SNP

1. Introduction
Analysing DNA sequence variations is one of the major
subjects of genetic studies. In particular, single nucleotide
polymorphisms (SNPs) received great amount of attention
by researchers recently [1]. Because massive amount of
SNPs exist with low mutation rate in DNAs, they are
usually the best material for allele-related diseases studies
and/or plant breeding purposes. Millions of SNPs have been
discovered in different species. Avi-Itzhak et al. indicated
that almost all SNPs are bi-allelic, and generally, one
allele is present higher frequency in the chromosomes of a
population than the others [2].
A set of alleles at multiple loci on one chromosome
that are transmitted together is called "haplotype". The
association between pair-wise SNPs is measured by the
linkage disequilibrium (LD), and the common statistical
correlation measurements are r2 and D′ values. Pair-wise
SNPs are presumed lower recombination when these two
values approach 1. One of the common applications of

Methods based on black-free model regard tag SNPs
as a subset of all SNPs; then from this subset, tag SNPs
are used to reconstruct unselected SNPs [8], [9], [10],
[11]. Based on genotype frequency information, different
statistical methods, like Bayesian network, have been
deployed to select a set of tag SNPs to represent complete
data sets. However, most of these methods are restricted by
a small-bounded location or fix number of tag SNPs that
allowed to be selected.
Genome-wide tag SNP selection methods have been
introduced recently [12]. These methods intend to deploy
multi-marker strategy to select tag SNPs. However, current
methods are both time-consuming and memory-consuming
[13].
For block-based model, on the other hand, because
different methods have different definitions for a block, they
may partition haplotypes into completely different blocks.
These methods then try to find a minimum subset of SNPs
which is capable of distinguishing all common haplotypes
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in each block [14], [15]. Patil et al. designed a greedy
algorithm to partition 20 samples of human chromosome
21 haplotypes into 4,135 blocks with 4,563 tag SNPs [14].
This algorithm has been improved by Zhang et al. with a
dynamic programming approach that reduces blocks and
tag SNP numbers into 2,575 and 3,562, respectively [15],
[16], [17]. Chang et al. designed a Greedy-Partition-Tree
algorithm to further decrease the number of tag SNPs into
1,446 [7]. The main drawback of these methods is that they
do not considering cross-block association. This degrades
the selection accuracy and the result may not be reliable
for further application [10], [18], [19]. For instance, if a
pair-wise tag SNPs has low LD, and if we treat major allele
as "1" and minor allele as "0", it would has less chance to
represent "11" situation.
In summary, the problem of finding minimum tag SNPs
sets is a set covering problem and is known to be NP-hard
[3], [20], [15]. In addition, although several methods
like branch-and-bound algorithm have been deployed to
decrease the process time, when researchers attempt to find
an optimal solution, it is still a very time-consuming process.
In this paper, we propose a combinatorial strategy, namely
tagSNPicker, to finding robust tag SNPs. tagSNPicker based
is on the block-based model because it has been reported
that the block structure indeed exists in human genome
[6]. Here, we used gene diversity measurement because our
experimental data sets have various sizes. When selecting tag
SNPs in each block, tagSNPicker refers to pair-wise SNPs’
LD before making a decision. In order to reach this purpose,
tagSNPicker considered set covering problem as a weighted
bipartite matching problem and employs zero-one integer
linear programming algorithm to solve it.

2. Methods
2.1 Block Definition and Partitioning
Given a set of m haplotypes with n SNPs, tagSNPicker
first stores them using a m × n matrix H. For each SNP
Sj (j ∈ n) is stored in the j-th column of H. In our study, we
assume that all input SNPs are bi-allele. Hence, elements in
matrix H only include two states: zero and one to represent
major or minor allele, respectively. H was then partitioned
into several blocks via the gene diversity (GD) definition
[21] as follows:
h=1−

m
∑

x2i

(1)

i=1

where h represents the present GD value and xi is the
proportion of different haplotype patterns in the block. We
adopted the general definition to partition haplotypes because
the sizes of our experimental data sets are various; and the

"most suitable partitioning method" is no concern of this
study. The block partitioning method is as follows:
•
•
•
•
•

Step 1. Pre-define GD threshold value GDT .
Step 2. Select the first two columns of H and put them
into pattern basket.
Step 3. Calculate the h value of this basket.
Step 4a. If h ≥ GDT , output this basket as a block.
Step 4b. If h < GDT , sequential add one column
from H to the basket and go to Step 3.

Figure 1 illustrates an example of how to calculate the
GD. Here, we first set the GDT to an arbitrary value: 0.7;
then, SNPs are joined the pattern basket in sequence to form
a new haplotype pattern group. As a result, we can obtain
the h value: 0.653, 0.653, 0.653 and 0.735 in the first four
rounds. Because 0.735 is larger than GDT, we treat this
pattern basket as a new block (Fig. 1(b)).

Fig. 1: (a) A 7 × 6 haplotype matrix with seven haplotypes
and six SNPs. (b) A haplotype block with four different
patterns obtained from (a) with SNP S1 to S5. The gene
diversity of these block equals to 1 − ((2/7)2 + (2/7)2 +
(2/7)2 + (2/7)2 ) = 0.735.
Assumed a block has k patterns, it forms (k2 ) pairs of
patterns (xi , xj ) in our method where i, j ∈ k and
i ̸= j. Each block is then translated into a (k2 ) × n index
matrix HIM where each pair of (xi , xj ) represents a row;
and the columns are for SNPs (Figure 2). The initial value
for each element in HIM is "0". For every specific loci Sk ,
(k ∈ n), if xi and xj are neither belong to major nor minor
allele, HIM [(xi , xj ), Sk ] is set to "1" because the SNP
Sk is considered to be available to distinguish haplotype
patterns xi and xj . tagSNPicker then calculates and sorts
the summation of each row in HIM as the "identifiable
value", id. The row with minimum id indicates that this
pair of patterns has least SNP to distinguish them. Take
Figure 2 for instance, row five (x2 , x4 ) has the smallest
id value, which means, only SNP S4 can distinguish these
two patterns. If this row has more than one element equals to
one, tagSNPicker collects all these elements’ related SNPs
as the "first choice candidates (FCC)". Each FCC within
the same collection will be measured its r2 value with other
blocks’ FCC independently. The r2 value is calculated using
formula 2.
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D = PAB − PA PB
D2
r2 =
PA (1 − PA )PB (1 − PB )

(2)

where PA and PB equal to the major allele frequency of
A and B, respectively. PAB represents the probability that
both alleles A and B act as major-alleles in the total data
set.

Fig. 2: Translate the haplotype block into the index matrix
HIM.
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Algorithm 1 The best first choice candidate selection
Input: CL, W
Output: the best first choice SNPs
Selecting the best firt SNP
for i = 1 to |CL| - 1 do
for j = i + 1 to |CL| do
for each SNP p, q in CLi and CLj do
Calculate the r2 value between p and q
end for
end for
end for
for each SNP p in CL do
Calculate the average r2 value between p and other
SNPs from other blocks
end for
Sort the average r2 value
Select the highest priority SNP and assign it as the best
first choice SNP

tagSNPicker is going to refer to the correlation between
each candidate when selecting tag SNPs. Hence, we
transferred this problem into weighted bipartite matching
problem. Here,

Because weighted bipartite matching problem is a NPhard problem, using brute-force algorithm to solve it would
not be efficient. One of the methods to acquire the result
much faster is to use integer linear programming (ILP). The
related integer linear programming of this problem can be
formulated as follows:

Given a graph G = {(V1 ∪ V2 , E) | V1 : SN P s, V2 :
pair − wise haplotype patterns} with vertex weights
w : V1 → (0, ∞). The weighted bipartite matching
can be defined as finding the maximum match sub-graph
G′ = {u ∪ v, E ′ | u ⊆ V1 , v ⊆ V2 , E ′ ⊆ E} with
maximum weight, w(u).

Consider a pair-wise haplotype pattern set HP
=
{1, 2, . . . , m}, and a SNP set S = {S1 , S2 , . . . , Sn },
where Sj ⊆ HP , j ∈ Q =∪ {1, 2, . . . , n}. A subset
S ⊆ Q is a cover of HP if j∈S ′ Sj = P . Let cj > 0
be the cost (w(.)) associated
with every j ∈ Q, the total
∑
cost of the cover S ′ is j∈S ′ cj .

The initial weight value of each SNP s ∈ V1 is zero. w(s)
will be given a new value after tagSNPicker finds the best
first choice SNP, namely SNPbest. This value is calculated
by using formula 3, where RT (a, b) is the function that
calculates the r2 value of pair-wise loci a and b. Algorithm
1 is the pseudo code to select the best first candidate SNP.
The input CL is the candidate list of each blocks and the
W is the weighted array.

The other reason why tagSNPicker uses a substitute
weighted array W is because this array can be used as cj
in the minimum cost set covering problem; and the problem
can be formulated as a zero-one integer linear problem as
follows:

2.2 tag SNP selection strategy

∑
w(s) =

min

n
∑

cj xj

j=1

RT (HIM [, SN Pbest ], HIM [, s])
,
(k2 )
∀s ∈ V1 , s ̸= SN Pbest

subject to
n
∑

(3)

tagSNPicker first assigns the highest priority value to
SNPbest in the 1 × |V1 | weighted value array W . After that,
tagSNPicker calculates and sorts w(s) in the descending
order. In order to simplify the operation, tagSNPicker stores
the relevant weighted value into W rather than uses w(.)
value directly.

(4)
aij xj ≤ bi , (i = 1, 2, . . . , m)

j=1

xj = 0 or 1, (j = 1, 2, . . . , n)
where xj = 1 if j is in the cover, otherwise, it equals to
zero. aij = 1 if i ∈ Sj , otherwise, it equals to zero.
In this paper, we deploy the additive algorithm developed
by Balas et al. to solve the associated integer programming
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of set covering problem [22]. Balas’ algorithm uses an
efficient branching test in selecting the free variables. In addition, the algorithm simplify to the operation of addition and
subtraction. As a result, it can eventually obtain an optimal
or feasible solution faster. When using this algorithm, we
assigned HIM to the ILP parameter aij and W to cj .

2.3 HIM merged filters
Set covering problem can be solved faster if the input
data is small. Hence, in this section, we are going to
introduce an optional "merged filter" step in our method.
In some situation, two SNPs would present the same or
complementary expression in a block and this expression
leads to the same distinguishing ability. In Figure 2 for
example, S1 and S3 have complemented expression in this
block which makes HIM [, S1 ] equalled to HIM [ S3 ]. If
we do not consider their LDs, one of these SNPs would
become redundant in set covering problem and is eligible
to discard. When applying this filter, tagSNPicker searches
HIM sequentially to find the same (or complementary)
columns and only keeps the first one in the matrix. However,
if this two alleles’s r2 equals to 1, tagSNPicker will discard
one of those due to these SNPs are completely replaceable
by each other.

3. Experimental Results
3.1 Experimental data sets
Three ENCODE regions: ENm013, Enr113 and ENr122,
two gene region: STEAP, TRPM8 and the complete human
chromosome 21 data were used to exam tagSNPicker’s
performance. ENm013 is an approximate 1,100 kb region
of chromosome 7q21.13. Enr113 and ENr122 are 500 kb
regions from chromosome 4q26 and 18q21.33-q22.1. These
three data sets were obtained from 30 trios and contain
1,023, 785 and 560 SNPs, respectively. STEAP and TRPM8
contain 25 and 166 SNPs. Chr 21 data set was obtained
from 60 trios and involves 11,867 SNPs. We also selected
a data set from the work of Patil et al. [14]. This data set
includes 20 independent haplotypes with 24,047 common
human chromosomes 21 SNPs.
Besides Patil’s data set, all other data sets were downloaded from the HapMap project (http://www.hapmap.org/,
accessed on Sep. 2009) and only contained CEU (Utah
residents with ancestry from northern and western Europe)
data sets.

3.2 Implementation
We have implemented tagSNPicker in JAVA. All experiments used a Windows operation system on a 3 Ghz PC
with 2 GB memory. We compared our results with GPT
[3] to demonstrate tagSNPickers performance because GPT

is a block-based algorithm which has the ability to select
minimum tag SNPs.

3.3 Initial experiments with HapMap data sets
In the first experiment, we assigned 0.8 and 0.05 as the GD
value and the minimum allele frequency value, respectively.
Merged filter had not executed in the initial experiment. We
calculated the average correlation value D′ for all SNPs or
only tag SNPs in each block. In this paper, the definition of
average D′ is the sum of pair-wise SNPs |D′ | divides (k2 ),
where k is the total amount of SNPs. D′ is calculated by
formula 5 as follows:

D

if D ≥ 0,

min(PA Pb , Pa PB )
(5)
D′ =
D


if D < 0.
min(PA PB , Pa Pb )
where Pa and Pb are the minor allele frequency of allele
A and B, respectively. D′ may be more sensitive than r2
because this measurement takes minor allele frequency
into account [23]. In our experimental results, the average
intra-block |D′ | is defined as the mean value of each
blocks’ average |D′ |; and the average inter-block |D′ | is
the mean of pair-wise SNPs’ |D′ | value.
For small data sets, table 1 indicated that almost all
average intra-block tag SNPs |D′ | values were lower
than average intra-block all SNPs’. It is because some
pair-wise patterns can be distinguished by less SNPs.
If these SNPs have weaker correlation with other tag
SNPs, the average intra-block tag SNP |D′ | would be
decreased. While considered about the average inter-block
|D′ | value, it is hard to find the pattern that tagSNPicker
can select higher |D′ | value tag SNPs than average all
SNPs |D′ | value in what specific condition. Hence, we
did a further experiment about the influence of different
GD parameters and will have more discussion in section 3.4.
Compared with GPT, tagSNPicker may not be able to
select less tag SNPs because it needs to consider the correlation between each tag SNPs. Nevertheless, our results
demonstrated that even GPT selected less or same number
of tag SNPs as tagSNPicker, our algorithm can present
higher correlation tag SNP sets than the greedy method.
In Chr21 for instance, the GPT selected one tag SNP less
than tagSNPicker, however, its average intra-block LD of the
result can only reach 0.37 (Table 2).

3.4 The influence of gene diversity value
Same data set can has different block contents when
using different GD values. When defined this value as 0.7,
0.8 and 0.9, blocks increased their length and the total
block numbers of each data sets were decreased (Figure 3).
Meanwhile, each block will includes more patterns when
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Table 1: Experimental result summary.
Data Set

Total SNPs
Block number
tag SNP number
Avg. intra-block LD
Avg. inter-block LD
1
2
3
4

The
The
The
The

average
average
average
average

D′
D′
D′
D′

value
value
value
value

(all SNPs)1
(tag SNPs)2
(all SNPs)3
(tag SNPs)4
of
of
of
of

ENm013

Enr113

Enr122

STEAP

TRPM8

Chr21

1023
34
252
0.90
0.85
0.57
0.56

785
13
106
0.93
0.89
0.56
0.56

560
11
75
0.87
0.83
0.55
0.56

31
2
17
0.83
0.90
0.79
0.86

166
7
43
0.88
0.80
0.65
0.62

11867
912
6362
0.80
0.78
0.50
0.49

all subset SNPs within each block.
tag subset SNPs within each block.
pair-wise SNPs.
pair-wise tag SNPs cross block.

Table 2: The comparison between tagSNPicker and GPT algorithm.
Data Set
Methods
tag SNPs
Avg. intra-block LD

(tagSNPicker)
(GPT)
(tagSNPicker)
(GPT)

ENm013

Enr113

Enr122

STEAP

TRPM8

Chr21

252
250
0.85
0.79

106
103
0.89
0.8

75
73
0.83
0.7

17
14
0.90
0.75

43
43
0.80
0.54

6362
6214
0.78
0.37

using higher GD value. Figure 4 illustrated that tag SNPs
sets selected under lower GD condition can have higher
average |D′ | values. However, it seems no connection
between block size and average |D′ | value (Figure 5).
In Chr21 for instance, tagSNPicker selected a tag SNP
set with almost the same value of average intra-block
tag SNP |D′ | when using 0.7 and 0.8 as the GD value.
Nevertheless, we need less tag SNPs to distinguish all
haplotype patterns when GD equals to 0.8 than 0.7. Thus,
most of our experiments used 0.8 as the GD value because
this value led to better results.

Fig. 4: Average intra-block tag SNPs |D′ | values under
different gene diversity values.

how many tag SNPs we need for this block. In general,
k SNPs can only distinguish (k2 ) - 1 pair-wise haplotype
patterns. Hence, a potential bottleneck of our method is that,
tagSNPicker will give an incorrect answer if the number
of haplotype patterns exceeded the tag SNPs distinguish
ability. Fortunately, we did not meet this situation in our
experiments.

3.5 The performance of merged filter
Fig. 3: Total block numbers under different gene diversity
values.
When using smaller GD values, the block length could
be shorter than larger values. However, how many common
haplotype patterns within the block is the key factor of

In tagSNPicker, we implemented merged filter to speed
up the process and test its efficiency. Merged filter can
reduce the tag SNP selection processing time because
the algorithm needs to handle fewer candidates SNPs
simultaneously. However, because our algorithm compares
SNPs sequentially, SNPs with higher correlation with other
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Table 3: The performance of deploying merged filter.
Data Set

Avg. intra-block LD
Avg. tag SNPs LD

ENm013

Enr113

Enr122

STEAP

TRPM8

Chr21

0.90
0.86
0.85
0.84

0.93
0.89
0.89
0.87

0.87
0.85
0.83
0.80

0.83
0.82
0.90
0.87

0.88
0.83
0.80
0.77

0.80
0.79
0.78
0.75

(unmerged)
(merged)
(unmerged)
(merged)

selected less tag SNPs than small GD values.

Fig. 5: Total tag SNP numbers under different gene diversity
values.
Table 4: The performance of tagSNPicker with Patil’s data
set.
GD Value

Block number
tag SNPs
1

0.7

0.8

0.9

GPT1

4030
14100

2657
12842

1454
10260

4030
13867

The GD value of GPT was equal to 0.8.

tag SNPs might be filtered out in this step.
Table 3 showed the performance of merged filter when
using HapMap data sets. The average intra-block LD of
merged and unmerged filters results indicated that, for small
data sets, the values are still tolerable. Also, it seems no
regulation of which method can obtain higher average interblock LD value. In fact, tagSNPicker only considers pairwise SNP’s LD between SNPbest and others when it transfers the value into the weighted order. Results’ correlation
level can be higher if we group current selected SNPs as a
single unit and calculate its LD with remainders.

3.6 The experimental result with gap-involved
data set
In this study, we used Patil’s data set to do further
experiments. Here, instead of using Patil’s block definition,
tagSNPicker translated all gaps into zero when input this
data set into matrix H; and partitioned this data set based
on different GD values. This data set gave the unlike results
of GD value influence when comparing with HapMap data
sets (Table 4). When increasing the GD values, tagSNPicker

It is worthwhile to mention that because our block and tag
SNP coverage definitions differ from Patil’s, tagSNPicker
selected more tag SNPs than Patil’s. In Patil’s study, they
only focused on blocks with less than 20% of common
haplotypes patterns in each block represented less than
once. Under this definition, a large number of blocks were
filtered out in our experiment and the number of essential
tag SNPs was significantly decreased.
In addition, when compared to HapMap data sets, Patil’s
data set did not include the allele frequency information.
It is also a problem for tagSNPicker to calculate the r2
value appropriately when we treat all missing data as zero
in matrix H. Hence, we did not described inter- and interblock |D′ | value in table 4.

4. Conclusion
In this paper, we presented a combined strategy for tag
SNP selection, namely tagSNPicker, and implemented it
with JAVA. tagSNPicker is a algorithm, nominally a blockbased model method, that deploys the spirit of LD-based
model to select tag SNPs. tagSNPicker employed LD value
as the weighted cost in weighted bipartite matching problem;
and thus, tagSNPicker could be an alternative method for
genome-wide tag SNP selection. It can obtain higher average
r2 tag SNP set because the algorithm takes LD into account.
In addition, unlike precent methods, tagSNPicker intends
to select a tag SNP set which can be used to distinguish
all common haplotype patterns within a block. Hence, our
results can represent all unselected SNPs to form the relative
haplotype patterns. Based on the experimental results, although, tagSNPicker only needs slightly more tag SNPs than
an optimal solution; it offers higher correlation tag SNPs
when compared with the GPT method.
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Abstract - The sequence alignment allows the representation
and comparison of two or more sequences, strings of DNA
(deoxyribonucleic acid), RNA (ribonucleic acid) or protein
primary structures to highlight their areas of similarity, which
could indicate functional or evolutionary relationships
between genes or proteins and to identify changes in its
structure. The aligned sequences are written with letters (Aactin, C-cysteine, G-guanine, T-thymine) in rows of a matrix
in which spaces are inserted for areas with identical or
similar structure align. This leads to exponentially grow the
aligned sequences causing a difficult problem to solve
manually. This article presents a genetic algorithm with
dynamic programming that attacks this problem, obtaining
competitive results when applied to databases available
online.
.
Keywords: Sequence alignment, genetic algorithm, dynamic
programming, amino acids.

1

Introduction

In recent years, a period of 5 to 10 years ago, computers
have played a role in the areas of biology and medicine.
Computing has focused on the analysis of biological
sequences, and today many problems remain unsolved. Three
years ago there were many achievements in the identification
of genome sequences, such as fly, and the first attempts in the
project of identifying the human genome sequence. These new
technologies and high performance as other arrangements of
DNA (deoxyribonucleic acid) and mass spectrometry have
made considerable progress, these powerful technologies are
able to quickly generate data sets in the order of terabytes
making it impossible to prosecute them for methods traditional
computing. These data are

new challenges for researchers in the areas of computer
science and biology .
Therefore it is necessary to use machine learning techniques
to create new algorithms that process in an effective and
efficient that information.
The DNA array technology (called, arranged by
Deoxyribonucleic Acid) helps you review and analyze a
number of biochemical mechanisms contained within the cells.
Although genes get more attention, the proteins are those that
perform many functions of life and form the majority of
cellular structures of our body. Proteins are large complex
molecules made of smaller units called amino acids. The
chemical properties that distinguish the 20 different amino
acids cause the protein chains are clustered in threedimensional structures that define their particular functions in
the cell. The proteins in different organisms that are related to
each other by their evolution from a common ancestor are
called homologous. This relationship can be recognized by
comparing multiple sequences. A similar primary structure
leads to a three-dimensional (3-D), resulting in similar
functionality of proteins. To carry out this sequence searching
have been proposed a genetic algorithm and a heuristic
method with dynamic programming to find the best local
optimum alignment.
Recently, Searls (2002), has argued the benefits of visualizing
biological sequences representing DNA, RNA or protein as a
sentence resulting from a formal grammar. When viewing
DNA, RNA or protein sequences as a string or formal
language alphabets of four nucleotides or 20 amino acids, a
grammatical representation and grammatical inference
methods can be applied to several problems in biological
sequence analysis. So our main problem to solve is the
alignment of DNA sequences.
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2
2.1

Proposed Method
Genetic algorithm for DNA sequence
alignment

The basic idea of this method is to try to generate several
multiple alignments (AMS) by re-accommodations, simulating
the insertion of gaps (holes) and actions of recombination
during replication to obtain higher scores for alignment. Given
the way this algorithm operates is not guaranteed that the end
result is optimal or the highest to be achieved, therefore the
need to use another method to optimize the alignment, as in
the case of dynamic programming. The success of genetic
algorithm seems to lie in the steps taken in the rearrangement
of sequences, many of which simulate changes in the
evolutionary process of the protein family. Although this
algorithm can generate large alignments. The genetic
algorithm (GA) was performed according to the following
flowchart:

Figure 1. Flowchart of a genetic algorithm.

Below are steps AG shown in Figure 1.
The sample sizes are approximately 80,000 sequences of
relatively large size, to align automatically.
Were taken as inputs to the genetic algorithm pairs of
sequences, for which only analyze the first five pairs of
strings. Each pair is entering the genetic algorithm, obtaining
as output the best alignment.
1. Take the first pair of sequences, and called the number of
individuals (NI) to generate, and the number of generations to
perform (NG).
2. Look for the longest chain (x) the pair of sequences,
calculate the length of this (L = lenght (x)), and gives a factor
(F = Lx0.25). This factor gives the spaces (gaps) extras that
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are being used to move the chains, more specifically, it
generates a random number between 0 and F is the number of
gaps to insert at the beginning and after the final gaps were
inserted to make chains have the same length. This results in
possible new alignments. This is done (Ni) times turned down
due to the number of individuals.
3. The following gets the score of each alignment, taking into
account the qualifications set forth agree blosum62 matrix
shown in Figure 2, whose equation is:

(1)
Where pij is the probability that two amino acids i y j replace
one another in sequence homology, whereas qi y qj are the last
chance of finding the amino aids i y j in any protein sequence
in random order. The factor λ is merely a scale factor to
ensure that, after implementation and necessary rounding to
the nearest integer, the array contains integer values dispersed
and easily treatable

Figure 2 .Matriz Blosum62

Using this score is selected half of alignments to be used later
in the process of selection and reproduction.
4. Then the other half of the alignments pass through a
mutation process, we obtain the total size of the sequences
(TT) taking into account the above input spaces, is obtained as
the difference in the maximum number of variables (nmax)
and smaller number of variables (Nmin) of the pair of
alignments, and generating random numbers between 0
and that rank
(A = random (nmax-Nmin)) indicating the number of gaps to
insert, then according to the total size sequences, is generated
by each gap to add a random number between 1 and (TT) that
indicate the position where each space will be inserted (A)
carried out this process with the pairs of sequences.
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And finally we get the score under the new alignments
blosum62 matrix expressed in Figure 2 and compared the
score obtained with the previous alignments, and if the new
alignment score is higher, new alignments are selected,
otherwise the process is repeated until there is some
improvement.
With the above process is looking more likely to give
alignments "strong" to be elected.
5. After both the first half of the top ranking as the second half
of the alignments mutated together, and then are labeled and
reordered. To be used in the process of reproduction.
Figure 3. Input sequence

6. Now he performs the reproduction process based on the
method of tournament in which randomly selected pairs of
alignments; here who has a best score will be chosen as a
parent of each pair of sequences. Getting parents to the
process of reproduction.
7. From these alignments it generates a random number within
the range of one to the length of the shorter chain (Nmin), this
will be the cutoff point for each pair of sequences. This
random number (AC), one count each character without
spaces.

8. Then swap the first part of the upper die with the second
bottom and vice versa, and you get the score for each child.

9. It chooses the child having the highest rating and is added
to the new generation.
And according to the number of the population (NI), becomes
the process 7, 8 and 9.
Mention is made in the reproduction process are eliminated
columns full of gaps, to prevent the sequence grow
exponentially.
Once you have generated the number of children sufficient to
meet the total population (NI), it returns to step three to
continue the procedure to complete the requested number of
generations (NG).
The idea is to work with the sequences of chromosomes, with
a population of N individuals and N generations.
Below is an example result of aligning with the genetic
algorithm, Figure 3 shows the input alignments and Figure 4
shows the output obtained with the genetic algorithm:

Figure 4. Sequence alignment and alignment scores obtained
with the genetic algorithm.

The alignment obtained is introduced as input to dynamic
programming.

2.2

Dynamic programming for the Alignment
of sequences

The Dynamic Programming (DP) is an alternative
decomposition that smaller subproblems are solved and then
come together at each stage assuming that future will take the
right decisions. Its flowchart is shown in Figure 5.
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Option 2.La other option is a right way and a number down, as
shown in the following figure 8.

Figure 8. Movement to the right and several steps down
Figure 5. Flowchart of dynamic programming.
The steps defined in the diagram below:

Option 3. the last option is a step down and several to the
right, as shown below in Figure 9.

1.-pairs are introduced into the sequences to new alignment.
2 .- lace prepares its matrix, as shown in Figure 6 and if there
is agreement letter is assigned to the match a 1 and if there is
placed a zero.

Figure 9. Movements: several steps to the right and one down

Figure 6. Matrix lace
There are 3 types of ways to choose the sequences
1. As shown in Figure 7, which can be selecting a step to the
right and likewise down, forming a diagonal path from the top
left, as shown below.

Find the best alignment between 2 sequences is to look the
way you get the best score.
There are many possible paths and their number increases
exponentially with the length of the sequences.
The dynamic programming strategy is to divide the overall
problem into subproblems. This first looks for the best path
that starts in each of the boxes.
We started the last row. In this row the score of the best path
for each cell line with the score of lace. Check the boxes in the
penultimate row of the best way is just one step. To compute
the squares of the remaining rows also enough to give a single
step because each square that we can move has already gained
the best score you can get through it.
Thus the problem of choosing the best path that starts in a cell
is reduced to choose the next highest scoring box.

Figure 7. Diagonal movement

It chooses the most points for the fields marked in gray and is
added to the score of lace as shown in Figure 10, and the
outcome of this process is shown in Figure 11
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Figure 10. Getting high scores

Figure 11. High score results

Figure 13. Results achieved only with the PD

Figure 12. Alignments that reach the highest score

This is going to be generating the roads touring lineup
diagonally and once obtained possible solutions, the highest
score is chosen as shown in Figure 12, and this is done with
each pair of sequences. Applying the above example of DNA
sequences, the following alignments obtained are illustrated in
Figure 13.

The following figure 14. We present the results of introducing
the sequences in a genetic algorithm and then dynamic
programming

Figure 14. Results obtained with the genetic algorithm (GA)
and dynamic programming (DP).
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With the above we can compare our results, highlighting the
improvement in the alignment using a genetic algorithm and
dynamic programming, as shown in the following Table.

Table1. Results in the alignment.
Dynamic
programming

AG-PD

91.88 %

92.3333 %

95 %

87 %

88.6667 %

89.888 %

88.777 %

89 %

90 %

88.787 %

89 %

89.888 %

77.99 %

78 %

78.777 %

Genetic
algorithm

Therefore the proposed method using a genetic algorithm and
then dynamic programming allows us to have better alignment
of sequences, as was shown in the table above.

3

Conclusions

Due to the large amount of information that is processed to
handle strings of DNA, is turning to various methods and
computational techniques in machine learning or we allow the
manipulation of that information for analysis so we can get
more information about the sequences that are DNA of
humans and to develop systems to facilitate information
management and access to specialists in the field of molecular
biology.
Considering these computer systems as an essential tool to
help.
After doing some tests with different groups of sequences,
showed several aspects to be taken into account to obtain good
results with this algorithm. As one of the problems of genetic
algorithms in general is the existence of local maxima in some
cases the algorithm is run several times on the same set of
sequences and choose among the different runs the best result.
On the other hand, it is necessary to play around with the
algorithm parameters such as number and length of gaps
(holes), which can be inserted into the mutated sequences, and
the size of the population.
This variation in the parameters is very important because it is
not the same to work with sequences that are very similar to
each other, to work with sequences highly uneven.
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With detector tests could also be that when performing the
implementation of the algorithm, it is vitally important to
prevent the strings increase in size in an exaggerated manner
as if such precautions are not taken, it may happen that all
alignments are full of sequences A high percentage are gaps,
and if this error is the result of the algorithm spreads can be
very poor. As the proposal is to apply another filter to these
aligned sequences obtained from genetic algorithm, dynamic
programming through to re-align, so you can optimize your
alignment.
What you have is a system that can show different solutions to
a problem and that is where the ability to interpret these
proposals can make a difference.

4
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Abstract— Biorthogonal wavelets were used to analyze
sequence data from mitochondrial genomes. Our method
includes deniosing, and compression of the data. Further
studies of wavelet applications to DNA data are discussed.
Keywords: Wavelet, Mitochondria, Multiresolution Analysis.

1. Introduction
Cancer is a leading cause of death worldwide. Identification
of the general molecular mechanism of cancer is vital in cancer research[4], [5]. Fundamental genome analysis is essential
in cancer progression study. Mitochondria are double membrane
bound organelles (little organs) inside nearly all eukaryotic (nonbacterial) cells. This organelle is the "power plant" responsible for
generating nearly 90% of the cells usable energy in the form of
adenosine triphosphate (ATP). Mitochondria have their own small
circular DNA independent of the cells main DNA compartment,
the nucleus. The sequence data from mitochondrial genomes can
be stored in a simple text file format known as FASTA[10].
Wavelets have been applied to a large variety of biomedical signals and functional genomics data[8]. Wavelet analysis has proved
to be a powerful technique to analyze, classify or process data
efficiently. Here we use mitochondrial DNA sequences stored in the
FASTA format to assess wavelets ability to quickly and efficiently
find identity (matching sequences or regions of sequence) among
sequences. This data can be use for gene identification (what the
gene does), assembly of genome sequences and for phylogenetic
(evolutionary relationships) analyses.

2. Multiresolution Analysis
A multiresolution analysis (MRA) [7] consists of a sequence
of successive approximation spaces {Vj }j∈Z of L2 (R) with the
following properties:
(i)
Vj ⊂ Vj+1 , [
(ii)
lim Vj =
Vj is dense in L2 (R),
j→∞

(iii)

\

j∈Z

Vj = {0},

j∈Z

f (x) ∈ Vj ⇐⇒ f (2x) ∈ Vj+1 ,
f (x) ∈ Vj ⇐⇒ f (x + 2−j k) ∈ Vj , ∀k ∈ Z,
There exists a function φ ∈ V0 so that {φ(x − j)}j∈Z is
an orthonormal basis of V0 .
φ is called a scaling function that generates a MRA with the
above properties. Through translation and dilation of φ, a Riesz
basis {φj,k (x)}k∈Z is obtained for the subspace Vj ⊂ L2 (R) by
the properties (iv)(v), where
(iv)
(v)
(vi)

j

φj,k (x) = 2 2 φ(2j x − k), j, k ∈ Z.

(1)

Since V0 ⊂ V1 , there is a set of coefficients {ak }k∈Z , so that
φ satisfies the two–scale equation or refinement equation
X
φ(x) =
ak φ(2x − k).
(2)
k

For every j ∈ Z, we define Wj to be the orthonormal
complement of Vj in Vj+1 , we then have
M
Wj
(3)
Vj+1 = Vj
and

Wj ⊥ Wj 0 if j 6= j 0 .

(4)

It follows that, for j > J
Vj = VJ

M J−j+1
M
(
WJ−k ).

(5)

k=0

By virtue of (ii) and (iii) above, this implies
M
L2 (R) =
Wj

(6)

j∈Z

which is a decomposition of L2 (R) into mutually orthogonal
subspaces. It turns out that a basis for W0 can be obtained by
dilating and translating a single function ψ(x) called basic (mother)
wavelet which is defined by (wavelet equation)
X
ψ(x) =
bk φ(2x − k)
(7)
k
j

where bk = (−1)k a−k+1 . In fact, {ψj,k (x) = 2 2 ψ(2j x − k)}k∈Z
forms an orthonormal basis for Wj .
Let Pj , Qj denote the orthogonal projection L2 → Vj , L2 →
Wj , respectively. Then
X
Pj f (x) =
αj,k φj,k (x),
(8)
k

Qj f (x) =

X

βj,k ψj,k (x),

(9)

k

where the coefficients αj,k , βj,k are given by the inner product:
Z ∞
αj,k =< f, φj,k >=
f (x)φj,k (x)dx
(10)
−∞
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Z
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∞

βj,k =< f, ψj,k >=

f (x)ψj,k (x)dx

(11)

−∞

Pj f converges to f in the L2 norm which is the best approximation
of f in Vj .
L
By applying the decomposition Vj = Vj−1
Wj−1 we have
X
Pj f (x) =
αj,k φj,k (x)
k

=

X

αj−1,k φj−1,k (x)

k

+

X

βj−1,k ψj−1,k (x).

(12)

Wavelets are more suitable for describing scaling biological
structures and signals than other mathematical transforms. They not
only have fast algorithm in computation but also have simple structures. Here, we perform multiresolution analysis of mitochondrial
genome data. We break it into several segments (figures 1, 6, 8, 1012) and perform compression (figure 3), soft and hard denoising
(figure 4-5) and provide histogram and cumulative histogram of
reconstructed approximation (figures 2, 7, 9) shown as follows.
Each segment, we showed an approximation at level 5 together with
different levels of the differences between the given signal and the
approximations. As the scale of approximation is made finer and
finer, the difference between the given signal and approximations
becomes smaller.

k

By multiplying φj−1,k to both sides of (12) and integrating,
and applying two-scale relation and orthogonality of the scaling
and wavelet functions we find that, for a fixed j and k,

αj−1,k

=

X
`

=
=

Z

∞

αj,`

φj−1,k (x)φj,` (x)dx
−∞

Z ∞
1 X
√
αj,` an
φj,` (x)φj,2k+n (x)dx
2 `,n
−∞
1 X
√
a`−2k αj,`
(13)
2 `

and similarly
1 X
b`−2k αj,` .
βj−1,k = √
2 `

(14)

By applying (13),(14) to the right hand side of (2.12), we obtain
the following reconstruction algorithm:
αj,k

1 X
ak−2` αj−1,` + bk−2` βj−1,k .
= √
2 `

Fig. 1: Multiresolution Analysis of Mitochondrial Genome
1:800

(15)

The relations (13)–(15) are called Mallat’s transform.
The construction of a scaling function can be obtained by so called
Fourier method. If we take Fourier transform on both sides of (2),
we have the following equations.
ω
ω
φ̂(ω) = m( )φ̂( )
2
2
where m(ω) =

P

(16)

a(k)(e−ikω ).

|m(ω)|2 + |m(ω + π)|2 = 1.

(17)

There are many orthonormal wavelet bases generated by
wavelets obtained from the above method. Which one to choose
depends on the application one has in mind. There are also wavelet
bases in which the condition of orthonormality is relaxed. In this
case one may use two different dual wavelets which are mutually
orthogonal for different pairs of wavelets. Such wavelet bases
are called biorthogonal. They have the advantage that the two
basic wavelets can both be symmetric, which is impossible for
orthonormal wavelet bases other than the Haar wavelets. In what
follows, biorthogonal wavelets will be used for applications.

Fig. 2: Reconstructed of Mitochondrial Genome 1:800
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Fig. 3: Compressed Signal

Fig. 6: Multiresolution Analysis of Mitochondrial Genome
801:1600

Fig. 4: Denoising (soft)

Fig. 5: Denoising (hard)

Fig. 7: Reconstructed of Mitochondrial Genome 801:1600
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Fig. 8: Multiresolution Analysis of Mitochondrial Genome
1601:2400

Fig. 10: Multiresolution Analysis of Mitochondrial Genome
2401:3200

Fig. 9: Reconstructed of Mitochondrial Genome 1601:2400

Fig. 11: Multiresolution Analysis of Mitochondrial Genome
3201:4000
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Fig. 12: Multiresolution Analysis of Mitochondrial Genome
4001:4800

4. Concluding Remarks
We have analyzed Mitochondrial Genome and presented reconstructed approximation at level 5 as well as the histogram. One
can further compare and analyze the results from compression,
denoising of signals as well as many other useful applications.
Wavelets could be used to align DNA data both locally[1] and
globally[2], [9] and this alignment can be turned into a distance
matrix, percent differences among sequences, that could then be
used to build evolutionary relationships among the sequences using
a variety of methods such as minimum evolution[12], Bayesian[11]
and maximum likelihood[3]. The same could be done for protein
sequences as well. Another possible use would be in calculating
the synonymous to non-synonymous ratio[6], the replacement of
an amino acid with either an amino acid of similar chemical
properties or one of different chemical properties, in aligned protein
sequences. This is a useful statistic to determine the relative time of
speciation events based on one or more aligned protein sequences.
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Abstract— Microarray experiments that simultaneously
measure the expression of entire genomes are extensively
used in biomedical research to identify genes related to
diseases or therapy response. Most studies on gene signatures focus only on the target tissue, and do not investigate
putative surrogate tissues. This paper is based on a case
study that measured gene expression in two tissues (colon
and rectum) from a cohort of irritable bowel syndrome
(IBS) patients and healthy controls. Differentially expressed
genes were found in colon but not in rectum samples. We
present here a joint model that models gene expression in
both tissues simultaneously. A smaller list of differentially
expressed genes was obtained when applying the joint model.
In addition, we describe how gene signatures can be translated across tissues when predicting the class (e.g., IBS
state) of the subjects. Gene expression signatures derived
from colon were more predictive than signatures derived
from rectum. The predictive accuracy of IBS diagnosis using
rectum samples was however substantially improved when
the gene signature for classification was developed in the
most relevant tissue (i.e., colon).
Keywords: Microarray, Joint Modeling, Classification and Class
prediction

1. Introduction
Microarray experiments for simultaneously measuring expression levels of thousands of genes have been used extensively in biological and biomedical research. Microarray experiments have been shown beneficial to discover biomarkers
for disease (Aerssens[1]), disease subtype (Golub[2]), or
response to therapy (Tusher[3]). Identification of biomarkers
using "omic" approaches typically starts with the determination of genes that are differentially expressed between
samples of a group of cases and a control group by using
hypothesis testing. In addition, classification models are used
to determine subsets of genes that predict the disease status
of subjects.

Molecular biomarker for a disease are most often investigated by profiling the disease-affected tissue. When
disease-affected tissue is however not readily available, gene
expression measurements can only or more conveniently
be extracted from an alternative or surrogate tissue. For
example, in the case of multiple sclerosis (MS), a chronic
inflammatory demyelinating autoimmune disease affecting
the central nervous system, it is practically challenging to
obtain gene expression measurements from human brain
tissue. As an alternative, Achiron and Gurevich[4] performed
a microarray experiments on peripheral blood mononuclear cells (PBMC) to investigate gene signatures for MS.
Similarly, Le-Niculescu[5] identified biomarkers for mood
disorders using gene expression from the blood. They concluded that blood biomarkers may offer an unexpectedly
informative window into brain functioning and disease state.
Another case is in the treatment of hepatis C, which is
among the leading causes of chronic liver disease. Asselah[6]
investigated gene signatures to predict response to pegylated
interferon plus ribavirin combination therapy in patients with
chronic hepatitis C, based on liver gene expression. While
their study results discovered a potentially useful signature,
the liver biopsy is difficult to obtain and thus hard to transfer
such a test into clinical use. Other investigative search of
gene signatures associated with the response to interferon
plus ribavirin combination therapy in patients with chronic
hepatitis C were therefore instead making use of peripheral
blood mononuclear cells and also provided reasonable predictability of treatment response (Huang[7] and Huang[8] ).
This is the main motivation to search whether specific gene
expression alterations in a disease-affected tissue are also
reflected in other tissues. This paper investigates different
statistical analysis methods to address this question in a
biomarker context. As a case study, we make use of the study
by Aerssens[1] that reported on a gene expression signature
for irritable bowel syndrome (IBS) identified in colon tissue
biopsies. The colon tissue is here considered the "target
tissue", given that abnormalities in bowel function (diarrhea,
and/or constipation) are a clinically important characteristic
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for IBS, whereas the neighboring rectum tissue is considered
as the "surrogate tissue".
Our proposed statistical analysis plan can be subdivided in
two different approaches. First, one can search for disease
related genes in the target tissue and check whether these
are differentially expressed by the surrogate tissue. Second,
one can investigate the predictive power of gene signatures
obtained from the target tissue by using the expression
profiles of the surrogate tissues. In this paper, we focus
on both approaches and introduce the concept of gene
signatures with bivariate expression and apply our method
to the IBS case study data.

2. Data
The data are derived from 58 subjects, including 34 IBS
patients and 24 healthy controls (see Aerssens[1], for a
more detailed description of the clinical characteristics of
the cohort study). From each subject, three biopsies are
taken for gene expression profiling: two samples from colon
tissue at 10 cm apart, and a third sample from rectum
tissue. A detailed description of the procedures of biopsy
collection and further sample processing (RNA extraction,
biotin labeling, hybridization on Affymetrix Human Genome
U133-Plus2.0 GeneChips) is provided in Aerssens[1].

3. A joint model for the two tissues.
The gene expression data consists of two expression
matrices, X A and X B for the target and surrogate tissues,
respectively. Note that there are two replicates per subject
for the target tissue and one for the surrogate tissue.Let
Zi (i = 1, . . . , n) be an indicator variable representing the
disease status of the ith subject given by
½
1 diseased,
Zi =
0 healthy.
We assume, for each tissue, that the mean gene expression
depends on the disease status, i.e.,
A
E(Xijk
|Zi ) =
B
E(Xij
|Zi ) =
k = 1, 2;

µA + αj Zi ,
µB + βj Zi .
j = 1, . . . , m ; i = 1, . . . , n.

(1)

A
where Xijk
represents the kth replicate of the expression
B
level of gene j of subject i for the target tissue and Xijk
represents the expression level of the jth gene and subject i
in the surrogate tissue. We denote the gene-specific disease
effects by αj and βj for the target and surrogate tissues,
respectively. Note that the mean structure in (1) implies that
the mean expression for each gene from the target tissue is
equal for the two samples taken from the same subject. Since
gene expression profiling of the subjects were done in five
batches, there is a need to account for possible batch effects
that may results from change in temperature, incubation time
and other unknown factors that may be associated with a
specific batch. The batch Bi was added as a covariate to
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the model and the mean structure in (1) was modified as
follows:
E(XijkA |Zi ) =
E(XijB |Zi ) =

µA + αj Zi + γA Bi ,
µ B + β j Zi + γ B B i .

(2)

where γA and γA are vectors of batch effects on the target
and surrogate tissues, respectively. In order to take possible
correlation between the three measurements of the same
gene into account, we formulate a gene-specific joint model
in the following way:





Xij1A
µAj + αj Zi + γA Bi
 Xij2A  ∼ N  µAj + αj Zi + γA Bi  , Σj  .
XijB
µBj + βj Zi + γB Bi
(3)
Here, Σj , a gene-specific covariance matrix is assumed to
be unstructured.

4. Class prediction and classification
Using various combinations of classification models and
features selection algorithms, we consider three approaches,
which can be used to predict the disease status using gene
expression levels from both the target and surrogate tissues.
The approaches are as follows: (1) gene selection and
classification based on the target tissue, (2) gene selection
and classification based on the surrogate tissue, and (3) gene
selection based on the target tissue and classification based
on the surrogate tissue. Six different classification algorithms
with four different feature selection methods are used. The
gene selection methods used are: Wilcoxon rank sum test,
significant analysis of microarray (SAM, Tusher[3]), the
between-within ratio (BW, Dudoit[9]), and the prediction
strength (PS, Xiong[10]). The gene selection methods are
used in combination with the following classification methods: diagonal linear discriminant analysis (DLDA), bagging (Breiman[11]), random forests (RF; Breiman[12]) and
support vector machines (SVM; Cortes and Vapnik[13];
Furey[14]). We consider 1000 cross-validation loops, in
which at each loop, the data set is divided into learning
and testing sets. The learning set consisted of 2/3 of the
patients randomly selected from the data, taking into account
their disease status. The remaining 1/3 serves as the testing
set for validation. For each combination of the classification
algorithm and feature selection method, different sizes of
gene signatures are used, i.e., k = 10, 20, 30, 40, 50, 60, 70,
80, 90, 100. The optimal size is derived based on average
misclassification errors of the 1000 cross-validation loops.
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5. Application to data

6. Discussion and conclusion

5.1 Testing for differential expressed genes
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The number of significant genes from the target tissue at
the FDR of 5% and 10% are 30 and 72 genes, respectively.
But no genes we declared significantly expressed base on
the surrogate tissue. It is therefore tempting to discard the
surrogate tissue as an irrelevant tissue to IBS. However,
Figure 1 shows that there is correlation between disease
effect from both the surrogate and target tissues. This implies
that genes tends to have similar disease effects in both the
target and surrogate tissues.
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Fig. 1: Plots of estimated disease effects and their t-statistics
from the target and surrogate tissues.

5.2 Classification
Finally, the performance of gene-based biomarkers for
disease is assessed in both the target and the surrogate tissue.
Using the expression data from the target (colon) tissue for
both gene signatures selection and subsequent classification
is expected to yield the most accurate prediction of disease
status. The misclassification error with this approach is 30%,
using 20 genes obtained with the SAM and DLDA. In
comparison, when both gene selection and classification are
based on the surrogate tissue, the lowest misclassification error obtained is 42%, using 60 genes obtained with the SAM
and SVM. So, as expected, the performance of gene selection
and classification is indeed worse in the surrogate compared
to the target tissue. Moreover, the minimum classification
error based on the surrogate tissue, but using the target tissue
for gene signature selection is 38%, using 20 genes obtained
with the SAM and DLDA. This provide evidences that
prediction using the surrogate tissue can be improved when
gene selection is based on the target tissue. This indicates
that a major part of the variability in the classification results
is due to the gene selection step. To test this hypothesis,
we use a set of 25 genes with known biological functions
reported by Aerssens[1], for classification using expression
profiles of the surrogate tissue. The lowest misclassification
error identified is 30%, based on DLDA.

The discovery of molecular biomarkers has greatly advanced through the emergence of microarray technology that
simultaneously measures expression levels of thousands of
genes. Such molecular biomarkers are generally investigated
in one particular tissue, thereby missing potential insights
into the disease effects in other tissues. As a case study,
this paper uses data from gene signature work for irritable
bowel syndrome in colon tissue (target tissue) and rectum
tissue (surrogate tissue).
First, a gene-specific joint model was formulated to
identify differentially expressed genes between patients and
controls, while accounting for both the within- and betweentissue correlation of each gene. The disease effects are more
pronounced in colon compared to rectum tissue. Analysis
of the target tissue results in thirty genes being differentially expressed between the patients and the control group,
whereas a similar analysis on the surrogate tissue fails to
produce differentially expressed genes at the FDR of 5%.
A logical conclusion would therefore be that the IBS does
not affect gene expression in surrogate tissue. However, the
disease effect estimates are strongly correlated between the
two tissues, indicating that the IBS affects gene expression
in a similar way in both tissues. The same genes are over- or
under- expressed to a similar extent. This indicates that gene
expression of rectum tissue may serve as the surrogate for
colon tissue for disease diagnosis. Differentially expressed
genes identified in the target tissue might however not be
readily picked up in the analysis solely focused on the
surrogate tissue. Disease associated alterations may be more
subtle in the surrogate tissue. This can hamper biomarker
discovery, especially when many genes are measured and the
overall variability in the gene expression data is relatively
large.
In addition, prediction of disease state using expression
measurements from both target and surrogate tissues is evaluated. As observed by Van Sanden[15] and Van Sanden[16],
the misclassification errors depend on the gene selection
methods, classification methods, and the number of genes
used. Prediction using the surrogate tissue is inaccurate
when the signatures are derived from the surrogate tissue.
The gene signature derived from the target tissue however
works remarkably better in the surrogate tissue. Even more
improved results are obtained when known disease-related
genes are used for classification based on the expression
profiles of the surrogate tissue. It has become increasingly
clear that the challenge of analyzing microarray data is to
discover subtle signals in a highly dimensional and noisy
data set.
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Using the genetic code wisdom for recognizing protein coding
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Abstract— We have elaborated a new method of recognizing
protein coding sequences in genomic sequences. The method
is exploiting a specific way of genetic code degeneration and
relations between mutational pressure and selection pressure
shaping the amino acid usage in the proteomes. It is based on
analyses of correlations in nucleotide occurrence separately
in the first, the second and the third putative codon positions
using only six matrices 4x4. Small sizes of matrices enable
using only a few coding sequences for training the algorithm.
The results of the new method were compared with Markov
chain methods used in GeneMark for different genomes including DNA strand (leading/lagging) discrimination. There
are no arbitrary "cut off" discriminating between coding and
noncoding sequences, on the other hand there is a possibility
to rank putative coding sequences according to their coding
probability what is especially important in looking for small
coding ORFs.
Keywords: gene prediction, ORF, short genes, coding potential

1. Introduction
There are two main and different approaches for looking
for protein coding sequences; the first one based on correlations in nucleotide sequences [1] and the second one
based directly on correlations in potentially coded amino
acid sequences [2], [3]. See [4] and [5] for recent reviews
of different gene prediction methods. Unfortunately, both
methods need many learning sequences, it is the best if the
learning set is from the studied genome or even located at
the defined DNA strand leading or lagging. A big number
of learning sequences are necessary to fill up the very
large matrices used in comparisons between the studied
sequences with sequences considered as standard. On the
other hand, it is known phenomenon that the mutational
pressure responsible for nucleotide composition of DNA
fits to selection pressure responsible mainly for amino acid
composition of proteome while the criterion of fitness is
the minimization of harmful effects of mutations into the
protein coding sequences [6]. Thus, the genetic code plays
the central role in the relations between the selection and the
mutational pressure and particularly it is the way the code
is degenerated. Degeneration of the genetic code should be
understood not only as using the different codons for coding

the same amino acid (mainly the third codon positions
accepting so-called synonymous mutations) but also as some
kind of degeneration of the first and second positions i.e.
thymine in the second position coding for hydrophobic
amino acid independently of the first and third positions
or adenine in the second position coding for polar amino
acids. It is also known that even in the same genome
the amino acid composition of proteins depends on the
mutational pressure operating on the leading and lagging
strands which means that it is not only DNA which is
asymmetric in its nucleotide composition but also fractions
of proteomes coded by the two DNA strands are asymmetric
in their amino acid compositions [7]. Correlations in the
occurrence of amino acids of specific characters have been
already considered in recognizing the coding sequences but
the values describing the physical and chemical properties of
amino acids were accepted disregarding the coding property
of the genetic code. We have used directly this property of
genetic code for recognizing the protein coding sequences
looking for correlations in nucleotide composition separately
for the first, the second and the third codon positions [8].
This method allows using very small matrices (six matrices
4x4) and, as a result, small number of learning sequences.
The method discriminates very sharply between coding and
noncoding ORFs (Open Reading Frames), shows the phase
in which a given sequence could code or even indicate the
DNA strand (leading/lagging) where the coding sequence is
located.

2. Algorithm
The presented algorithm for finding protein coding sequences consists of two steps: the training step and the test
(or analysis) step.

2.1 The training step
In this step, model parameters are computed based on
nucleotide sequences of a learning set. For such set, ORFs
annotated in GenBank with ascribed function are used for
a given species, excluding ORFs that were described as
hypothetical.
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Let us consider S = {si1 , si2 , . . . , sin } (where i = 1, 2, 3)
which is a sequence of nucleotides extracted from fixed
codon positions in a protein coding sequence. We construct
the initial probabilities P (shi· ) of h nucleotides si· situated in
the same codon positions i (where h defines the model order)
and also the probability transition matrices (i.e. between
nucleotides in the same codon position). Matrices M1 , M2 ,
M3 concern to direct (sense) strands of training sequences
whereas matrices M4 , M5 , M6 are based on complementary
strands of these sequences (antisense). Matrices M4 , M5 , M6
are useful for a model of "shadow" coding regions. The
idea of incorporation the "shadow" model was introduced
by Borodovski and McIninch [9] who used it to avoid too
many false positive predictions on the complementary strand.
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2.1.2 Determination of positional pattern frequencies

Fig. 1. Barplots of positional pattern frequencies computed
for the training set from Borrelia burgdorferi genome for
six reading frames.

The obtained matrices are used to determine vectors
of positional pattern frequencies in the learning set. The
positional pattern is a vector of indices of matrices that give
the highest value of probability for a given codon position.
In sum, there are 27 such potential patterns e.g. 111, 112,
123, 121, 122, ..., etc. The frequencies of these vectors are
obtained as follows:

2.2 The test or analysis step

1. Each sequence in every reading frame is analyzed by
moving windows with a fixed length (e.g. 96 nt) and
a fixed shift (e.g. 12 nt);
2. For each window a vector of digits (d1 , d2 , d3 ) and
(c1 , c2 , c3 ) (called the positional pattern) is determined
in the following way:
•

•

•

for each of three codon positions probabiblities
PM1 ,PM2 ,PM3 are calculated by using trained
matrices M1 , M2 , M3 , respectively;
if PMj = max(PM1 , PM2 , PM3 ) (for fixed codon
position i), then di = j and for each window
a positional pattern (d1 , d2 , d3 ) is obtained from
such an analysis of all three codon positions;
pattern (c1 , c2 , c3 ) for the complementary strand
is obtained in the same way by using matrices
M4 , M5 , M6 .

3. The frequency for each positional pattern are calculated from all analyzed windows and all sequences
from the learning set for each reading frame (Fig. 1).

The aim of this step is to find the correct reading frame
for an analyzed DNA sequence. The first two steps are the
same as in determination of positional pattern frequencies
(subsection 1.1.2)
1. As 1 in 2.1.2
2. As 2 in 2.1.2
3. For a positional pattern (d1 , d2 , d3 ) or (c1 , c2 , c3 )
found for every window and every reading frame, we
ascribe a respective frequency P1 , P2 , P3 or P4 , P5 , P6
which were determined previously for the learning set;
4. As an additional non-coding reference we assume
uniform distribution of positional pattern frequencies
and introduce P7 = 1/27;
5. For every window we obtain a coding signal vector
of probabilities for six reading frames plus the noncoding reference:


P1
P2
P7
,
,
.
.
.
,
.
P7
P7
P7
i=1 Pi
i=1 Pi
i=1 Pi
6. Finally, the respective elements of the coding signal
vector are averaged over all windows for a given
sequence. The sequence is coding in frame i if the i
position in coding signal vectors has the highest value.

3. Results
3.1 Detection of the coding signal
To check how the presented algorithm works on a real
DNA-sequence, two different genomes were chosen: Borre-
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3.1.2 E. coli genes
The set of annotated sequence (2774-sequences) are divided randomly for a learning set (1000-sequences) and a
test set (1773-sequences). Table 2 shows the results averaged
over ten repetitions of the whole procedure. The percent of
genes recognized as coding for the new method is higher
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the GeneMark result of the second order.
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Table 1: Averaged percent of genes recognized as coding in
B. burgdorferi

coding signal

3.1.1 B. burgdorferi genes
The set of annotated 474 sequences was divided randomly
for a learning set (200 sequences) and a test set (274
sequences). The results averaged over ten repetitions of
learning and test steps are presented in Table 1. The percent
of genes recognized as coding for the new method is equal
to 93% which is higher than for GeneMark of the same
order. However, the percentage increased significantly to
97% when we considered genes on the leading and lagging
strands separately, i.e. both the learning set and the test
set consisted of only genes from the same DNA strand.
Interestingly, the learning set contained only 10 genes in
this case.

among short ORFs. The number of such ORFs generated
inside other longer ORFs or in the intergenic sequences
is usually very high while the fraction of coding small
ORFs is relatively low [10]. In the genome of Streptomyces
coelicolor, there are 28917 ORFs of length 31 to 99 codons
and only 555 (∼ 2%) of them are annotated in the data
base as coding. In the left plot of Fig 2 we have shown the
distribution of all small ORFs from S. coelicolor genome
according to their positions in the ranking of coding probability where the positions of ORFs with annotated functions
are marked. In the right diagram of Fig 2 the numbers of
annotated ORFs in the consecutive classes of ranked small
ORFs are shown. The first 10% of the highest ranked small
ORFs contains 93% of all annotated ORFs.

0.2

lia burgdorferi and Escherichia coli.
1) For a given organism the set of annotated genes was
divided randomly for two subsets (the learning set and
the test set);
2) After the training step algorithm (for model order h =
1) the tested sequences were analysed;
3) The results were compared with results obtained by
GeneMark version 2.5f (for model order h = 1 and
h = 2) which was also trained on the same learning
set.

0.0
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Fig. 2. Ranking of small ORFs. Left panel: distribution of
all small ORFs from S. coelicolor genome according to
their positions in the ranking of coding probability (line)
and positions of ORFs with annotated functions (marked
with open circles). Right panel: histogram of the numbers of
annotated ORFs in the consecutive classes of ranked small
ORFs.

4. Summary
Table 2: Averaged percent of genes recognized as coding in
E. coli
New method (h = 1)
GenMark 2.5f (h = 1)
GenMark 2.5f (h = 2)

91.3
79.4
93.7

The new method of protein coding sequences recognition works very efficiently with small number of learning
sequences and could be preferentialy used in analysis of
coding capacity in small genomes and short protein coding
sequences.

3.2 Small ORFs ranking
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Abstract— A relationship between the tissue specificity and
the evolutionary origin, or lineage, of genes has been shown
previously. Here, a more systematic statistical analysis of
human genes shows that tissue specific genes tend to be
of relatively recent evolutionary origin. While there is no
agreed definition of the lineage of a gene, we use two methods to define this concept. The first relies on the presence or
not of orthologs in the human and mouse genomes to define
relatively old or new genes. The second utilizes the ortholog
species group of the gene to compute a lineage index
based on the evolutionary distance of those species from
humans. Both definitions show similar results. Although the
amount of available data is not enough for statistically sound
conclusions, a relationship between intrinsically disordered
proteins and the lineage of the corresponding genes was
found suggesting further study.
Keywords: lineage, tissue specificity, genes

1. Background
Multicellular organisms can have different tissues with
unique cellular compositions to carry out specific physiological functions. Functional and regulatory diversity in these
tissues may require some genes to be expressed in only a
single or limited range of tissues. Such tissue-specific genes
may play an essential role in tissue differentiation or tissuespecific regulation. Gene expression levels, rates of evolution
and disease association could vary between tissue specific
and ubiquitously expressed genes [17], [21].
When the relationships among murine gene tissue-specific
expression, protein function and the lineage of the genes
was studied, lineage was highly associated with the tissue
specificity of genes [11]. More regulatory proteins were
found to be tissue specific while most metabolic proteins
were universally expressed. This indicates that the study
of tissue specificity might reveal more information about
regulatory mechanisms. Most tissue-specific regulatory factors (signal transduction, transcription regulation) belong to
the metazoan lineage [11]. A study of lineage and tissue
specificity in humans should provide greater insight into their
relationship.
Intrinsically disordered proteins (IDP), those which contain one or several regions that do not form fixed 3-D
structures under physiological conditions, have been identified [20]. Ideas of native protein structure should include
the ordered, random coil and molten globule states, and

Fig. 1: A schematic description of the correlation study.

functions might be carried out by any of the states or
their transitions [9]. Intrinsically disordered proteins play
an important role in signaling, regulation and transcription
[12]. Perhaps due to their role in functional and regulatory
diversity, disordered proteins appear more common in multicellular eukaryotes [13]. Alternative splicing, which is highly
related to the tissue specific expression of genes, has been
observed to occur within disordered regions of proteins [18].
In this work possible relationships between tissue specificity and the lineage of the corresponding genes will be
examined and also that of gene lineage with protein disorder.
No agreed definition of lineage exists and two approaches to
define the lineage of a gene were used. Human genes were
assigned into three major categories based on the number of
tissues they are expressed in. Each gene was also classified
into different lineage subgroups based on the definitions
used. The scheme of this study is shown in Figure 1.

2. Methods
2.1 Source of data
Data from the recent literature were examined. 1, 310
tissue-specific genes, defined as a gene expressed in only
one tissue, and 2, 341 house-keeping genes, expressed in
all the 31 human normal tissues studied, were obtained
from an ABI human genome array study and are referred
to as Dezso data [8]. By using massively parallel signature
sequencing (MPSS) technology, the expression patterns of
18, 667 genes across 32 normal adult human tissues were
obtained [15]. These data were reprocessed by disregarding
tags not expressed at more than 5 transcripts per million
(tpm) in at least one tissue to allow for the sensitivity
of MPSS technology [17]. This resulted in another list of
15, 050 genes across 32 normal tissues, including 4, 232
tissue-specific genes (expressed in 1 to 4 tissues) and 4, 006
house-keeping genes (expressed in more than 25 tissues) and
are referred to as MPSS data [17].
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Only genes which have records in Ensembl database were
used for analysis (10, 107 genes). Of these genes, 2, 473
were classified as tissue specific, 2, 918 as housekeeping
genes and the remaining 4, 716 genes were neither tissue
specific nor housekeeping genes.
To analyse the genes across different species orthologs,
genes in different species that evolved from a common
ancestral gene through speciation events and retain similar
functions [6], were obtained. Various methods and software
are used to cluster orthologs. Examples are the OrthoMCL
system [7], OMA, Emsembl Compara, and Homologene. [5].
Here ortholog information was obtained from the InParanoid
database (Release 7.0, June 2009) giving 16,376 ortholog
clusters between human and mouse [16]. All ortholog clusters involving human genes and genes from 97 other species
were obtained, which involved over 20k human genes. The
orthophylogram from the InParanoid database, which can reflect the evolutionary relationships among species according
to the number of orthologs shared by the species, was also
obtained.
Disordered proteins came from the Database of Protein
Disorder (DisProt) [19] which links structural and functional
information of intrinsically disordered proteins. Protein sequences with disordered region/domain information for 193
human disordered proteins corresponding to 169 human
genes were downloaded from DisProt (Release 4.9, 2009).
19, 140 human protein coding genes from Ensembl (Release
54, May 2009) were downloaded to produce a control data
set.

Fig. 2: Human genes in the Dezso data set classified as
relatively new or relatively old, for tissue-specific and housekeeping genes.

3. Results and Discussion
3.1 Relationship between tissue and lineage
specificity
Figures 2 and 3 show the result of using the first method to
classify human genes into two groups: relatively new or old
genes. More than 80% of the genes are classified as relatively
old genes, however, a higher percentage of tissue-specific
genes are regarded as relatively new genes compared with
house-keeping genes. For the Dezso data, 19.77% of tissuespecific genes are relatively new while 13.37% of housekeeping genes are relatively new. The difference in the MPSS
data is more significant. 14.07% of tissue-specific genes are
relatively new while only 5.31% of house-keeping genes are
relatively new. The difference of the percentage of relatively
new genes between the tissue-specific and house-keeping
classes is statistically significant (Pearson’s Chi-squared test,
p-values are 4.3×10−7 for the Dezso data and is 2.2×10−16
for the MPSS data).

2.2 Definition of lineage specificity
In one method each human gene is classified as a relatively
new gene if it has no ortholog in the mouse genome or
a relatively old gene if it does. Some genes that predate
the human-mouse divergence might have been lost from the
mouse genome giving rise to some errors in this classification. However the number should be relatively small and
have little effect on the analysis.
The second method assigns a concrete value to reflect
the lineage specificity for each human gene by using the
ortholog clusters from InParanoid to identify a set of species
which have orthologs of the gene. The lineage specificity
of a gene is defined as the maximum evolutionary distance
between human and any of the species inside the set, and
the evolutionary distance is defined as the number of nodes
in the orthophylogram on the path between human and
that species. Thus a larger value of the lineage specificity
indicates that a human gene is likely to be of more ancient
origin.

Table 1: The difference of relatively new or old genes
between tissue-specific and house-keeping classes for the
MPSS and Dezso data set.
Data set
Dezso
MPSS

tissue-specific genes
count
rel new %
1,310
19.77%
4,232
14.07%

house-keeping genes
count
rel new %
2,341
13.37%
4,006
5.31%

p-value
4.3 × 10−7
2.2 × 10−16

For genes assigned in the MPSS data set a concrete
value to represent their lineage specificity was assigned.
Figure 4 shows the cumulative distribution of the lineage
specificity values of the tissue-specific, housekeeping and
other genes and Figure 5 shows box-whisker plots showing
the range of values for each gene grouping. A higher
proportion of tissue-specific genes have smaller values of
lineage specificity than housekeeping and other genes. This
again indicates that more tissue-specific genes are of more
recent origin when compared with housekeeping and other
genes. 21% of tissue-specific genes have lineage specificity
≤ 15, compared with 12% and 7% for other and housekeeping genes, respectively. For lineage specificity ≤ 10
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Fig. 4: The distribution of the lineage specificity of human
genes between tissue specific, housekeeping and others. Each
gene was assigned a value to represent its lineage specificity

Fig. 3: Human genes in the MPSS data, set classified as
relatively new or old, for tissue-specific, housekeeping and
other genes.

(genes of even more recent origin), the result is 9%, 5%
and 2% for tissue-specific, other and housekeeping genes,
respectively. A Wilcoxon rank sum test showed that the distributions of the three genes sets are statistically significantly
different with a p-value < 2.2 × 10−16 . These results show
a relationship between tissue specificity and the lineage of
genes.
Relatively new genes may play an important role in
tissue-specific regulation and studying these genes might
provide indicators of tissue-specific disease. Housekeeping
genes are considered to be genes that carry out the most
fundamental physiological functions [22]. More than half
of the housekeeping genes have high lineage specificity
values (≥ 35) which means that orthologs of these genes
can be found in species at long evolutionary distances from
humans. These ubiquitously expressed genes should be quite
conserved while tissue-specific genes might show a higher
rate of evolutionary change to provide functional diversity
in higher-level organisms.
Table 2: Comparison between the percentage of genes which
have a small value of lineage specificity (i.e. relatively new)
among tissue-specific genes, house-keeping genes and other
genes (neither tissue-specific nor house-keeping).
Lineage specificity
≤ 10
≤ 15

Tissue specific
9%
21%

Other
5%
12%

House keeping
2%
7%

Fig. 5: Box-whisker plot of the distribution of lineage
specificity values in tissue-specific, housekeeping and other
genes.

3.2 Correlation between lineage specificity and
intrinsically disordered proteins
The data set used to study the correlation of lineage specificity and intrinsically disordered proteins is composed of
169 human genes. To evaluate their lineage specificity, five
sets of 169 randomly selected human protein coding genes
were created as controls. When the genes were classified
into two groups, relatively new and old, a greater percentage
of the intrinsically disordered proteins were relatively new
when compared to each of the controls sets (Table 3).
The intrinsically disordered protein set is a clear outlier in
the combined group using a median based measure where
mi = (xi − x̄)/(1.4826 ∗ med) and med is the median of
absolute deviations from the median. However, most of the
intrinsically disordered-protein genes (> 75%) are relatively
old.
A comparison of the distribution of lineage specificity
values for the intrinsically disordered protein genes and
all other human protein-coding genes is shown in Figure
6. Most human experimentally identified intrinsically disor-
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Table 3: 169 human genes, which produce intrinsically
disordered-proteins, and five control sets of 169 randomly
selected human protein-coding genes were classified as
relatively new or old genes.
Groups
Rel new
Rel old

Disorderedprotein genes
21.9%
78.1%

1
13.0%
87.0%

Control data sets
2
3
4
11.8%
11.2%
9.5%
88.2%
88.8%
90.5%

5
12.4%
87.6%
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tissue-specific genes are relatively new when compared with
genes which are not tissue-specific. Intrinsically disordered
proteins also had a higher proportion of relatively new genes
when compared with genes not known to code for intrinsically disordered proteins. However, caution is required due
to the small number of experimentally determined intrinsically disordered proteins that are currently available in
the database. Further work will investigate the mechanisms
of tissue specific regulation and the role of intrinsically
disordered proteins. This study may be more effective if the
tissue specific expression data for each alternatively spliced
transcript or protein isoform is considered.
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4. Conclusions
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Abstract - A block in an m-sequence alignment is an m x n
array of segments of length n, one from each sequence. A
block does not accommodate deletions or insertions in the
sequences. Instead, each column in the block has only matches
and mismatches. A block with a minimal number of
mismatches is said to be a highly conserved block. Searching
for highly conserved blocks in a family of sequences is
computationally expensive, as the search space grows
exponentially with parameters m and n. As a result, most
block search algorithms are approximate methods. This
article explores the potential of a deterministic block search
algorithm based on extensions of selected sub-block patterns.
The algorithm selects the sub-blocks with maximum number of
matches based either on a mathematical optimization
criterion, such a minimization of the Hamming distance, or
with the help of known information; this is, by comparing the
sub-block with information in biological databases such as
motif databases.
Keywords: Bioinformatics, Multiple Sequence Alignment,
Motif finding algorithm, DNA, Hamming Radio

1

Introduction

Multiple sequence alignment is a computationally
challenging problem. The dynamic programming paradigm,
which renders the efficient deterministic method for aligning a
pair of sequence, the well-known Needleman-Wunsch [1]
algorithm; cannot be extended to multiple sequences since the
complexity of such extension grows exponentially with the
number of sequences. As a consequence, a wide variety of
approximate methods [2][3] have been proposed and
implemented, and are normally used for solving multiple
sequence alignment problems. Among them are progressive
alignments, graph-based methods, iterative methods,
statistical methods that generate probabilistic models of the
sequences, and multiple sequence alignment methods based
on conserved blocks found in the sequences. The algorithm
discussed in this paper is intended for the latter type of
multiple sequence alignment methods. Conserved blocks of
DNA sequences are also used to identify motifs, this is short
patterns that are an unusually repeated which are often related
to regulatory functions.
A block of width n in a family of m sequences is an m x n
array of segments of n consecutive characters, one from each
sequence. In this paper we consider only blocks that do not

accommodate deletions or insertions in the sequences. Instead,
each column in the blocks considered here has only matches
and mismatches. In this kind of blocks, conservation can be
measured with the Hamming distance, which is defined as the
number of matches of two sequences of the same length when
aligned one on top of the other. The Hamming distance can be
extended in two important ways. First is the Hamming
distance of an n-character sequence to a block of width n. This
is defined as the maximum of the Hamming distances between
the sequence and each of the sequences in the block.
Therefore, geometrically, the Hamming distance of a
sequence and a block is the radio of a sphere with center in the
sequence, which contains all the sequences in the block. In
what follows, we refer to this distance as the Hamming radio
of the block, or radio of the block if no ambiguities may arise.
The second extension of the notion of Hamming distance is
the so-called total Hamming distance. This is defined as the
minimum of all Hamming distances between an n-character
sequence and all possible blocks of width n in the family of
sequences. The total Hamming distance is the basis of
exhaustive motif search methods. Unfortunately, this
deterministic search method is to be performed over a space
that grows exponentially with parameters m and n; and
therefore, it does not provide a feasible solution for most
problems encountered in practice. There is a branch and
bound variant, which performs the search eliminating
eventually some of the useless computations that the
exhaustive search incurs. These methods search only blocks
of a predetermined width, restricting thus its usability in
multi-sequence alignment problems.
This article reports on preliminary experiments that assess the
potential of a deterministic block search algorithm based on
extensions of selected block patterns. The method does not
use the total Hamming distance. Instead, applies the Hamming
distance of a sequence and a sub-block of some prefixed
length, and stores the result. After computing and storing the
Hamming radio of all sub-blocks, the algorithm selects those
sub-blocks that have minimal radio and extends all sequence
in each of these sub-blocks by one character. Although not
included in the experiments reported in this paper, the method
may also compare the sub-block with minimal Hamming
radio with blocks in biological databases such as motif
databases; adding thus biological information to the selection
of sub-blocks. The method repeats the computation of the
Hamming radio and extension procedure until a prefixed
maximum sub-block width is reached. At the end of a run, the
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algorithm has computed and stored all sub-blocks of minimal
Hamming radio.
The performance of the proposed method varies with the
characteristics of the input family of sequences. In general, the
method is more efficient whenever the Hamming radio of
some blocks is significantly lower than that of the other
blocks in the family of sequences, through out the
computation. In these cases the method performs useful
computations most of the time, as it keeps working on subblocks that are likely to end up being highly conserved ones.
On the other hand, if the Hamming radios of the sub-blocks
are similar, the method could turn out to be expensive both, in
computing time and memory. In these cases comparison with
biological databases may play a crucial role in curbing the
time and space complexity. Indeed, this knowledge-based
selection of sub-blocks is one of the features that separate this
method from its predecessors.
This article is intended to present the ideas; methodology
used in the design and projected uses of the algorithm.

2

The Selective Extensions Algorithm

A key concept in the Selective Extensions Algorithm (SEA)
is that of the geometrical center of a sub-block, which is the
sequence in the sub-block whose Hamming distance to all the
other sequences in the sub-block is minimal. The geometrical
center of a sub-block is not necessarily unique, as there may
be more that one sequence having minimal Hamming distance
with the other sequences in the sub-block. We use a process
that is quadratic in the width of the sub-block for identifying a
geometrical center. The process uses the fact that the
Hamming distance is symmetric, as any other mathematical
distance. The next example illustrates the process:
Consider the family of sequences:
Table 1: A family of synthetic DNA sequences
Sequence 0

A

A

C

T

G

T

T

G

G

Sequence 1

G

G

C

A

C

T

G

T

A

Sequence 2

T

G

C

T

A

C

C

A

A

Sequence 3

C

T

G

A

C

A

C

T

T

And the sub-block:

A
A
A
A

Table 3: Hamming radio calculation table for the sub-block
Indices
0
1
2
3
Hamming
radio

Segments
AAC
CAC
TAC
CAC

0
AAC
0
1
1
1
3

1
CAC
1
0
1
0
2

2
TAC
1
1
0
1
3

3
CAC
1
0
1
0
2

In this table, only the Hamming distances in bold need to be
computed. In terms of indices, this is the entries (i, j) where i
> j. The Hamming radio of the block having segment j as
geometrical center is the addition of the distances in column j.
Since the minimum radio is 2, segment CAC is in this case,
the geometrical center of the above sub-block. The
geometrical center of a block is similar in spirit to the
consensus string of the block, except by the fact that the
geometrical center is a member of the block while the
consensus string may be not. The geometrical center is saved
as the representative of the sub-block in a bucket that contains
all geometrical centers of a sphere of Hamming radio 2, only
if 2 is the minimum of all Hamming radios computed over the
space of all sub-blocks of width 3. There is, however, at least
one sub-block of width 3 with a smaller Hamming radio. This
is the case of the sub-block:
Table 4: A DNA sub-block with minimal Hamming radio
A
A
A
A

C
C
C
C

T
T
C
T

Which gives a Hamming radio of 1 for the center ACT. Thus,
there will be at least two different buckets, one for centers of
blocks with Hamming radio 1 and one for centers of blocks
with Hamming radio 2. Extensions are performed solely on
the centers that are in buckets of minimal Hamming radio.
Thus, in the next step, ACT is extended. This gives rise to
new computations. One of the sub-blocks that results from
these extensions is:
Table 5: Representation of a DNA sub-block extension

Table 2: A block of sub-sequences from the synthetic family
A
C
T
C

In order to calculate the geometrical center of this sub-block,
we fill in the table:

C
C
C
C

A
A
A
A

C
C
C
C

T
T
C
T

G
G
A
T

This sub-block achieves a minimal Hamming radio of 3 with
center ACTG. Since this is the smallest radio of a block of
width 4 centered in ACTG and since there are still buckets
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containing centers of sub-blocks with smaller Hamming
radios, ACTG will not be extended in the next iteration. It is
worth remarking that these extensions may be performed on
centers of sub-blocks whose width is less than 4.
The following is a general description of the problem whose
computational solution motivated the design of SEA:
“Given m sequences over the same alphabet (DNA, mRNA, or
protein alphabets) and two natural numbers n0 and n1, with n0
< n1; find all sub-blocks of width n, n0 ≤ n ≤ n1 with minimum
Hamming radio.” A variant of this problem replaces
“minimum Hamming radio” with a “range of minimal
Hamming radios” meaning a set of radios close to, and
including the minimum radio”.

Table 6: DNA sub-block resulting from the experimental run.
A consensus string is provided for additional information
Coordinates:
(family, start index)
Center

AAGAAGTGGATC
CACTGCTTCGAGG

(2, 711)

Block

AAGAAGTGGATTC
ACTGCTTCGAGG

(0, 848)

AAGAAGTGGATCC
ACTGCTTCGAGG

(1, 715)

AAGAAGTGGATCC
ACTGCTTCGAGG

(3, 735)

AAGAAGTGGATTC
ACTGCTTCGAGA

(4, 737)

AAGAAGTGGATCC
ACTGCTTTGAGG

(5, 760)

Next is a general description of SEA.
Initialization step: Find by exhaustion, the centers of all subblocks of width n1; storing each center in a bucket labeled
with the Hamming radio of its corresponding sub-block.
Iteration: While n < n1; extend by one character each center in
the bucket of minimum Hamming radio. Update the buckets
labeled with the Hamming radios, adding new buckets, one
for each new Hamming radio.
Return the bucket of centers of minimum Hamming radio.
It is worth remarking that the bucket of centers of sub-blocks
of minimum Hamming radio may contain segments of
different lengths within n0 and n1. SEA can also be used to
find a motif of length n1. In such a case, the method returns
the bucket of minimum Hamming radio among all buckets of
centers of length n1. The next experiment uses SEA as a motif
finder.

2.1

Experimental Runs

For the sake of simplicity, we tested SEA as a motif finder
method. A family of six DNA sequences of different lengths
was used as input. The sequences were:
0.
1.
2.
3.
4.
5.

Bos Taurus (2575 chars.)
Human (1436 chars.)
Macaca Mulata (1458 chars.)
Pan Troglodytes (1481 chars.)
Sporothrix Shenckii (1362 chars.)
Sus Scrofa (1876 chars.)

We set the parameters n0 = 3 and n1 = 25. Since in this
instance SEA is used as a motif finder, the output is the set of
blocks of width 25 that achieve the minimum Hamming radio
over the collection of all blocks of width 25 that can be
formed with the above sequences. SEA returned the following
block:
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Consensus

AAGAAGTGGATcC
ACTGCTTcGAGg

The Hamming radio of this block with center
AAGAAGTGGATCCACTGCTTCGAGG was found to
be 4. No other block of width 25 achieved this minimum
Hamming radio. The execution time of SEA was
approximately 6 minutes and 20 seconds. We attempted to
verify this result using exhaustive search based on total
Hamming distance but decided to stop the run after 11 hours
of computing time.
We used the MEME suite to assess the potential biological
significance of this result. In particular, the center was input to
the FIMO motif search tool in this suite. FIMO returned 187
motif occurrences that have p-value less than 0.0001. These
are the first 5 in this list:
Table 7: MEME Suite results for experimental run
Sequence Name
gi|33357900|pdb|1P85|0
gi|33357927|pdb|1P86|0
gi|83754062|pdb|2AW4|B
gi|83754118|pdb|2AWB|B
gi|122922241|pdb|2I2T|B

2.2

p-value
4.35e-06
4.35e-06
4.35e-06
4.35e-06
4.35e-06

q-value
0.16
0.16
0.16
0.16
0.16

Experimental Algorithmic Design

The design of SEA was mostly experimental in the sense
that the main algorithmic decisions were based upon runs on
artificially generated data. Figures 1 and 2 are examples of
this approach. These figures depict the result of experiments
conducted to decide between two options: the brute-force
approach to the storage of blocks in which the whole block
was stored (SEA BF) and the current version (SEA), which
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stores only the center of the block. The tests were made to
decide whether the extra computation involved in determining
the center of the block were worthwhile.
Figure 1 shows that SEA represents a huge economy in
memory space. Furthermore, unlike the memory requirements
of the brute-force approach, which increase steadily with the
problem size, the memory requirements of the SEA method
oscillate within boundaries. This oscillation depends again in
the input data and the input parameters. Figure 2, in turn,
shows that the computation of the centers instead of the whole
block is indeed beneficial. This is explained by the fact that
SEA BF recomputed blocks with the same center.
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3

SEA is deterministic method for finding highly conserved
blocks in families of sequences or for finding motifs. Unlike
its predecessors the method allows for the introduction of
biological information in the search, and presents all the
optimal blocks within predefined widths. The performance of
the method depends heavily on the characteristic of the input
sequences and the parameters of the search.
Our plans for future work are split several research avenues.
First are improvements in the data structure of SEA. In this
regard, we are studying the use of suffix trees. We also
contemplate the parallelization of the method, and are indeed
considering some mater/worker schemes toward this aim.
Finally, and most importantly, is the actual insertion of SEA
in multiple sequence alignment methods.

4

Sequence	
  Length	
  per	
  Family	
  (bp)	
  
Figure 1: Memory management for SEA and SEA BF. Note
that memory values are at a Kilobyte (KB) scale.

Conclusions

References

[1] Needleman, Saul B.; and Wunsch, Christian D. (1970).
"A general method applicable to the search for similarities in
the amino acid sequence of two proteins". Journal of
Molecular Biology 48 (3): 443–53.
[2] Wang L, Jiang T. (1994) On the complexity of multiple
sequence alignment. J Comput Biol 1:337-348.
[3] Grasso C, Lee C. (2004). Combining partial order
alignment and progressive multiple sequence alignment
increases alignment speed and scalability to very large
alignment problems. Bioinformatics 20(10):1546-56

300	
  
250	
  

[4] Just W. (2001). Computational complexity of multiple
sequence alignment with SP-score. J Comput Biol 8(6):61523.

200	
  
150	
  
	
  SEA	
  BF	
  

100	
  

SEA	
  

50	
  
1000	
  

850	
  

700	
  

550	
  

400	
  

250	
  

0	
  
100	
  

Time	
  Consumption	
  (s)	
  

SEA	
  BF	
  vs.	
  SEA	
  
Execution	
  Time:	
  Motif	
  Finding	
  

Sequence	
  Length	
  per	
  Family	
  (bp)	
  
Figure 2: Execution times for SEA and SEA BR

[5] Lipman DJ, Altschul SF, Kececioglu JD.(1989) A tool
for multiple sequence alignment. Proc Natl Acad Sci U S A.
86, 4412-4415.
[6] Hirosawa M, Totoki Y, Hoshida M, Ishikawa M. (1995).
Comprehensive study on iterative algorithms of multiple
sequence alignment. Comput Appl Biosci 11:13-18.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

315

Asymptotic Analysis of SIMD Optimized DFT based EXON
Prediction Algorithm for DNA Sequences.
Syed Shams-ul-Haq1
1

Department of Computing, SZABIST, Karachi, Pakistan,
shams@szabist.edu.pk

Abstract— Asymptotic costing and comparative
analysis of our optimized version of DFT based gene
prediction algorithm with original algorithm is
presented in this paper. Computationally intensive
implementation of DFT based algorithm is optimized.
The enhanced algorithm achieved order of magnitude
improvement over the original DFT based gene
prediction algorithm. Multiplications are reduced by a
factor of 174 with 32 times less memory access. High
cache hit ratios are achieved by using temporal and
spatial coherence, while reducing cache miss rate. Data
footprint is reduced by a factor of 8. Overall 3.6 times
less asymptotic operations are performed.
Keywords: Asymptotic analysis, gene prediction, fast
DFT based algorithm, intrinsic methods, SIMD, gene
annotation.

I. INTRODUCTION
The gene annotation by nature is computationally
intensive problem, as it needs to process huge data of
DNA sequences. This force the need to look for optimal
ways of implementing prediction algorithms in order to
achieve better performance and quicker results on PC
workstations without using expensive high performance
computing resources such as super computers, grids and
clusters. Even when using the algorithm in a distributed
grid or cluster environment the slight improvement
algorithm yields multi folds benefits as the speedup gain
gets multiplied by the number of nodes on which
algorithm is running.
This paper presents the asymptotic analysis of
original and enhanced version of DFT based EXON
prediction algorithm [1] that employ Digital Signal
Processing techniques like windowing on DNA sequence
to identify probable protein coding regions in DNA
sequences. The intrinsic algorithm was selected as it does
not requires any external dataset to work unlike extrinsic
algorithms [3], [4] and runs in linear time O(N).

The paper is organized as Section III describes the
original algorithm and its core kernel inner workings. The
pseudo code for original algorithm kernel is provided
with its asymptotic costing. Section IV contains the
pseudo code of core kernel of enhanced version and its
asymptotic cost analysis. In Section V the results
provided with the comparative analysis of asymptotic cost
equations. Finally Section V concludes the paper.

II. SIMD INSTRUCTIONS
The new 128-bit data registers enable the processing
of data elements in parallel because each register can hold
more than one data element, the processor can process all
elements in a register simultaneously [6]. For example
128-bit SIMD registers can hold four 32-bit integers at a
time and can perform four 32-bit operations
simultaneously. This processing capability is also known
as SIMD (Single Instruction Multiple Data) processing
[7]. In order to exploit SIMD instructions and registers,
modern optimizing compilers provide high level
functional C interface to SIMD assembly through
compiler intrinsic commands, for each computational and
data manipulation SIMD instruction in the new extension
sets, there is a corresponding C intrinsic that directly
implements that instruction [8].

III. ORIGINAL ALGORITHM
A. Original DFT based algorithm
The DNA strand is basically a chain of nucleotides,
which are four types: adenine (A), cytosine (C), guanine
(G) and thymine (T). The DNA sequence is converted into
four distinct binary signals which are utilized by the
algorithm to identify the protein coding regions.
The DFT (Discrete Fourier Transform) based
algorithm proceeds by processing the four binary signals of
ATGC nucleotides in a DNA sequence. The algorithm
exploits the 3-periodicity property [2] which states that the
spectral energy derived from the DFT of the four binary
signals representing a DNA protein coding region of length
N, exhibits a peak at discrete frequency k = N/3. No such
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Rb [k] ← x2 + y2 + z2
Dav ← Ds (1) + Ds (2) + Ds (3)
m ← ω+1 - Dav
Rav (k) ← m * Dav
SNR (k) ← Ψ * ( Rb (k) / Rav (k) )
i←i+3

peak is observed in the spectral energy of non-coding
regions. To derive the spectral energy the core kernel first
computes Average (1) and Magnitude (2) on a given DNA
strand of N nucleotides. The average is calculated by
applying Bartlett window of size ω on same number of
nucleotides, given by the equation (1).

~
| R av |2 =

ω −1
⎛
⎞ ω −1
1
⎜ N − ∑ DωR ( s ) ⎟ ∑ DωR ( s )
( N − 1) ⎝
s=0
⎠ s=0

(1)

End
SNR ← -(SNR)
C. Asymptotic Equation of Original Algorithm

Dω ( s ) =
R

Where,

⎡N ⎤
⎢ ω ⎥ −1
⎣ ⎦

∑ A[ω n + s ]
n=0

The magnitude is calculated by using the equation (2) for
each codon in a DNA strand, there are exactly N/3 codons
in a DNA sequence of N nucleotides.

(

) (
)

)

2
2
R
R
R
R
1 ⎡ Cω (0) − Cω (1) + Cω (1) − Cω (2) ⎤ (2)
~
2
⎥
| R[ N / 3] | = ⎢
2 ⎢+ C R (2) − C R (0) 2
⎥⎦
ω
ω
⎣

(

Finally once the average and magnitude is obtained by
using the equations (1) and (2) respectively, the SNR
values can be calculated by using equation (3) which is the
ratio of Average and Magnitude values.
2
~
R [ N / 3]
SNR [l1 ] =
~ 2
2 R av

B. Pseudo Code of Original Algorithm
i ← 1 , ω ← 350, ω3 ← 116
Ds ← zeros ( 1 to 3 )
For k ← 1 : 1 to η
R ← A[i to i+ω]
Ds [1 to 3] ← 0
For s ← 1 : 1 to 3
For n ← 0 : 1 to ω3
Dt [s] ← R (3*n + s) * W (3*n + s)
Ds ← Dt [s] + Ds
End
End
x ← Ds (1) - Ds (2)
y ← Ds (2) - Ds (3)
z ← Ds (3) - Ds (1)

(3)

The asymptotic equation is derived by estimation of the
number of different pseudo operations (enlisted in Table
2.1) performed by the pseudo code of original algorithm.
The pseudo asymptotic operations having similar cost are
grouped in a Table 2.1, i.e. represented by single constant
symbol in order to simplify the costing equations.
Table 2.1: Pseudo Operator Legends for Asymptotic
Cost Equations
No.
1
2
3
4
5
6
7
8

Operation
←
<, >
← ∨ , ← ∧, ←+, ← >>, <<, ←<<, ←>>
*, ← *
/, ← /
+, -, ∨ , ∧
∩

Cost
CA
CC
CI
CS
CM
CD
CP
CF

The final cost is costing equation is given by (4). The order
of the algorithm is O ( η ). Where η is the number of
iterations performed by the kernel to compute SNR values.
TODFT (η) = 6CA + (η)CI + (η+1)CC + (η){1063CA + 351CI
+ 355CC + 1053CP + 1049CM + CD }
(4 )

IV. OUR OPTIIMIZED ALGORITHM
A. Pseudo Code of optimized algorithm
The original algorithm kernel was modified and
optimized for short vector SIMD (Single Instruction
Multiple Data) instructions. It was implemented in C/C++
by using compiler intrinsics for SIMD instructions. The
experimental results have shown order of magnitude
improvements in optimized implementation as compared to
the original version.
Ds [0 to 2] ← 0
midx ← 0
len ← (((α*96) - ω) - ρ*3 ) /3
if ( len < 1) exit
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For k ← 0 : 0 to α - 3
R0(0 ..2)
R1(0 ..2)
R2(0 ..2)
R3(0 ..2)

← Dt(0..2) (k)
← Dt(0..2) (k+1)
← Dt(0..2) (k+2)
← Dt(0..2) (k+3)

Dav ← Ds (0) + Ds (1) + Ds (2)
SNR [midx] ← Ψ*(x2 + y2 + z2 )/{(ω - Dav )*Dav }
midx ← midx + 1
if (midx < len ) exit
End
End

For t ← 0 : 0 to ξ
B.
Ds (0 to 2) ← 0, LD(0..2 ) ← 0
lidx ← 0
For b ← 0 : 0 to ξ
if (R0(0..2) ∩ b)
Ds (0 to 2) ←Ds (0 to 2) + Wb(0..2) ( lidx )
lidx ← lidx + 1
End
LD (0..2 ) ← Dt(0..2) (k+1)
R0(0 ..2) ← R0(0 ..2) >> 1
R0(0 ..2) ← R0(0 ..2) ∧ 0x7fffffff
R0(0 ..2) ← R0(0 ..2) ∨ { (LD (0..2 ) ∩ t) << ξ }
For b ← 0 : 0 to ξ
if (R1(0..2) ∩ b)
Ds (0 to 2) ←Ds (0 to 2) + Wb(0..2) ( lidx )
lidx ← lidx + 1
End
LD (0..2 ) ← Dt(0..2) (k+2)
R1(0 ..2) ← R1(0 ..2) >> 1
R1(0 ..2) ← R1(0 ..2) ∧ 0x7fffffff
R1(0 ..2) ← R1(0 ..2) ∨ { (LD (0..2 ) ∩ t) << ξ }
For b ← 0 : 0 to ξ
if (R2(0..2) ∩ b)
Ds (0 to 2) ←Ds (0 to 2) + Wb(0..2) ( lidx )
lidx ← lidx + 1
End
LD (0..2 ) ← Dt(0..2) (k+3)
R2(0 ..2) ← R2(0 ..2) >> 1
R2(0 ..2) ← R2(0 ..2) ∧ 0x7fffffff
R2(0 ..2) ← R2(0 ..2) ∨ { (LD (0..2 ) ∩ t) << ξ }
For b ← 0 : 0 to ξ
if (R3(0..2) ∩ b)
Ds (0 to 2) ←Ds (0 to 2) + Wb(0..2) ( lidx )
lidx ← lidx + 1
End
LD (0..2 ) ← Dt(0..2) (k+4)
R3(0 ..2) ← R3(0 ..2) >> 1
R3(0 ..2) ← R3(0 ..2) ∧ 0x7fffffff
R3(0 ..2) ← R3(0 ..2) ∨ { (LD (0..2 ) ∩ t) << ξ }
x ← Ds (0) - Ds (1)
y ← Ds (1) - Ds (2)
z ← Ds (2) - Ds (0)

Asymptotic Equation of Optimized Algorithm

The asymptotic cost equation for optimized kernel is
given by (5). The core kernel performs α iterations, hence
the order of the optimized algorithm is O (α).
TDFT(α) = 7CA + 2CM + 3CP + CD + CC + (α-3)CC + (α-4)CI
+ (α-4){909CA + 585CP + 193CM + 15168CI + 4256CC +
(5)
12672CF + 576CS + 32CD }
C.

Relation of asymptotic cost equations 4 & 5

Both of the cost equations fall under the same linear
order of O (N). However it is important to note that:
(η ≠ α ∧ η >> α ) ∀ η
The α is directly proportional to η. The relationship
between α and η is expressed by equation (6) δ is the
constant of proportionality. The value of δ is found to be
~0.0323 by experiments.
α = δ * η => α = η * 0.0323

(6)

V. RESULTS
Both of the algorithms are tested and benchmarked on
same dataset. The DNA sequence used for the testing
purposes is Chromosome III of C.elegans (Accession No.
NC003281) downloaded from NCBI database [5]. The
code profiling verifies that SIMD optimized algorithm
outperforms the original algorithm on the same machine.
As compared to the un-optimized version and it requires far
less primary and secondary storage. The experiments were
conducted on Desktop machine having Intel Pentium 4 HT,
2.4GHz processor with 1 GB of RAM and running
Windows XP operating system.
The SIMD optimized code was written in Visual C/C++
using compiler intrinsics in MS Visual Studio 2005. The
code was profiled using Intel’s VTune code performance
analyzer. Table 4.3 displays the summary of data collection
results, the CPI ratio of ~1.10 is achieved by our optimized
algorithm, which means the code is executing optimally.
The CPI value of 4 or greater is considered as very slow
code, un-optimized slower code that causes frequent CPU
or Memory stalls. The low number of cache read misses
show that the data is organized in cache friendly way
leading to high number cache Hits.
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Table 4.3: Optimized algorithm Code profiling
summary.
1
2
3
4
5
6
7
8
9

Module
Instructions Retired Samples
L2 Cache Read Misses Samples
Clock ticks Samples
Cycles per retired Instruction CPI
Instructions Retired events
Instructions Retired %
Clock ticks events
Clock ticks %

Figure 4.1: Optimized vs. Un-Optimized Asymptotic
Operations graph

DNAMatch.exe

13826
452
11818
1.098460399
24641692672
100
27067923564
99.97462144

Approx ~8 to 16 time reduction in intensive IO operations
and data footprint is also one of the major factors. The
memory accesses are reduced by a factor of 32 and
accesses are integer operations not slow string operations
as in the case of original version.
The speedup proof of optimized algorithm is also provided
by using machine independent asymptotic cost equations of
core kernels of both versions.
Original Algorithm Asymptotic Cost:
Consider η = 3870, Cost of the original algorithm kernel
can be obtained by putting the value of η in equation (4)

Optimized

Un-Optimized

4500000
Operations Performed
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Asymtotic Operation

The overall speedup factor achieved by our optimized
version is ~102 assuming equal cost of all pseudo
operations in Table 2.1.
Figure 4.2: Speedup factors of asymptotic operations
Optimization Speedups

Optimized Algorithm Asymptotic Cost:
Now for Optimized algorithm we need to find the value of
α if η = 3870, so that the asymptotic cost of optimized
algorithm kernel can be obtained by putting the value of α
in equation (5).
The value of α is given by equation (6).
For η = 3870, the α = (3870) * (0.0323) => α = 125
Now by putting α value in cost equation (5) we get.
For α = 125,
TOPT (125) = 109996CA + 23355CM + 70788CP + 3873CD +
(8)
515099CC + 1835449CI + 1533312CF + 69696CS
The resultant equations (7) & (8) are compared for each
asymptotic operation count of optimized and un-optimized
version. The magnitude of each operation performed by
both equations is plotted in figure 4.1. The difference in the
magnitude indicates the speedups achieved, the observation
can be made by looking at the graph in figure4.1.
Reduction in number of operations means faster execution
or less processing time required.

CS
Asymptotic Operations

For η = 3870,
TORG (3870) = 4113816CA + 1362240CI + 1377721CC +
(7)
4075110CP + 4059630CM + 3870CD

CF
CD
CI
CC
CP
CM
CA
0

50

100

150

200

Speedup Factor for each Operation

Figure 4.2 indicates a significant gain is achieved in CM
(multiplication operation), by drastic reduction (~174
times) in the number of multiplies performed in optimized
kernel. It is achieved at the cost of fewer (~3 times less) CF
(bit-testing) and CS (shift) operations which are much faster
operations in CPU registers as compared to multiply. The
dominating factor is CM as it is most expensive operation
performed inside the inner loop. Similarly, CP and CA
operations are considerably reduced, offering large speedup
factors.
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The asymptotic costing was done with conservative
approach. For CF operation a probability of p (0.5) was
assumed. It is safe to assume all errors Σ (Δε) ≈ 0 as if
considered the speedup factors will only increase.

VI. CONCLUSION
The optimized algorithm performs 3.6 times less overall
asymptotic operations and runs 101 times faster as
compared to un-optimized version. In this paper we have
compared and analyzed two different implementations of
DFT based algorithm and asymptotically proved the
improvements achieved by short vector SIMD
optimizations.
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Identifying CRC Specific Pathways and Drug Targets from
Literature Augmented Proteomics Data
Pradhan MP and Palakal MJ
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Abstract - - In this paper, we demonstrate the advantages of
augmenting experimental proteomic data with protein
interaction data derived from literature for the analysis of
colorectal cancer (CRC) pathways and drug target discovery.
We used 49 keywords to retrieve molecular entities
(genes/proteins) related to CRC that are reported in the
literature. Text mining technique was used to extract
molecular entities that discovered 50 significant pathways
associated with CRC. Four new pathways indentified with
significant p-values were: mucin expression pathways,
bacterial infections in CF airways, NF-AT signaling in
cardiac hypertrophy, and receptor mediated axon growth
repulsion. In addition, 34 probable drug targets were also
identified, of which 20 are already considered as drug targets
or biomarkers for different cancers, and the remaining 14
were novel. This study underscores the importance of
augmenting proteomics data derived from the literature for
discovering potentially new drug targets in CRC research
Keywords: Colorectal cancer (CRC), Biomedical text mining,
Pathway analysis, Drug target discovery

1

Introduction

Colorectal cancer (CRC) is formed in the tissue of the
intestine (colon). This is the third most common cancer in the
western world with 655,000 deaths every year. In US, it is the
fourth wide spread cancer with 106,100 new cases recorded
each year. 30% of reported CRC relates to genetic factors and
5% relates to families with multiple diseases. Families having
multiple diseases might have highly mutable genes i.e. APC,
MLH1, MSH2, MSH6 and PMS2. 90% of the patients
diagnosed with CRC are 50 years and above.
Past research efforts have identified the relationship
between CRC and various genes. For example, the role of
hMLH1 and MSH2 were identified in CRC [1, 2]. Lack of
expression of MSH2 gene was identified in CRC. Study on
146 patients, identified the role of mutation of APC gene in
CRC tumors [3]. These APC mutations help to classify tumors
as early tumors and malignant or benign tumors. Studies have
shown interaction of MLH3 with hMLH1 in CRC [4]. This
association of MLH3 gene identifies MLH3 as significant
gene to study in CRC. Some studies showed, regulation of
PTEN protein by NEDD4-1, in CRC as well as in gastric
cancer, suggesting NEDD4-1 importance CRC [5].

PTEN mutations were identified when studying CRC in
Malaysian patients [6]. The role of axin a component of Wnt signaling pathway, is identified in activating β-catenin/TCF
signaling. This activation links defective MMR to APC
pathway, indicating the role of axin mutation in CRC [7].
Studies have shown that MUC2 expressions were downregulated and MUC1 expressions were up-regulated in tumors
associated with CRC [8]. The co-expressions of IGF-IR,
EGFR and HER-2 were identified in Duke C stage [9], but
their individual inference with CRC are not yet fully
understood. Recently, the roles of MACC1 gene were
identified in CRC. MACC1 acts as the key regulator of HGFMET signaling pathways [10] and these pathways were
reported in CRC. This analysis suggests that scientist have
studied specific genes/proteins to understand CRC. To
globally understand CRC, it is necessary to evaluate all the
probable genes/proteins involved together.
With the advancement of bioinformatics tools and the
availability of number of biomedical databases, a global
analysis of network and pathways involved in CRC can be
carried out to study and understand the disease. Typical
approaches in this case are to collect genomic and proteomic
data using high throughput technologies from disease specific
tissues and carry out large-scale network and pathway
analysis searching for potential drug targets. To evaluate and
understand networks and pathways, commercial softwares
such as MetaCore, BIOBASE, Pathway Studio, etc are used.
These commercial software tools have in-house curated
databases that hold information about popular pathways,
biological processes and functions. The manually curated
information harvested from literature has both advantages and
disadvantages. On the plus side, such information will be
highly accurate, whereas, on the negative side, manual
curation is labor intensive and therefore, only a very small
amount of information will be curated in a given span of time.
In this work we carried out a global analysis of CRC and
demonstrated the added benefits of augmenting experimental
proteomic data with large-scale literature mined data. The
global analysis provided a view of CRC in terms of its
genes/proteins. Establishing functional relationships among
these molecular entities has led to the identification of known
and new pathways in CRC, which in turn help to identify the
potential markers of the disease.
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The proposed bioinformatics approach has resulted in four
major outcomes: first, significantly more CRC relevant
pathways were identified; second, the p-value of already
known pathways increased with literature augmented data
suggesting the reinforcement of existing understanding about
CRC; third, novel pathways with significant p-values were
identified, and fourth, probable novel drug targets were
identified.

2
2.1

Methods

Analysis for drug target identification

The drug target prediction is based on the assumption that
if two proteins have significant number of same common
interacting entities, then they have functional similarities and
are also responsible for each other’s expressions [13].
To predict the probability of similarity, let p1 and p2 be
two proteins, with n1 and n2 interaction pairs and m is the
number of common partner, n1-m: proteins that interact only
with p1 and n2 – m: proteins that interact only with p2. Let N
be the total number of proteins in the dataset.

Data collection and preprocessing

Using experimental studies reported in the literature, we
collected 49 keywords (genes and proteins) that are well
understood and validated in CRC. This initial list, called the
“Bait List” is given in Table 1.
Table 1: Keywords used for Literature Mining
Colorectal cancer, myh, mlh1, cdk8, crcs7, dcc, crcs6,
tgfbr1,tpx2, crcs, apc, hnpcc7, msh2, mlh1, braf, hnpcc,
msh6, pten, fus1, cxcl12, rad18, hgf, axin2, casp3, prl-3, nat1,
gstm1, gstt1, CYP2C9, bcl-2, prmt1, sn-38, cpt-11, proxi,
smad3, igfbp-1, pdgfb, capg, plk1, ifim1, csnk2a2, mbl2,
pms2, cxcl2, igf-ir, cyp27b1, cyp24, mucins
This “Bait List” is used as keywords in our Literature
Mining Tool: BioMAP. BioMAP retrieves the data from
PubMed.
BioMAP can identify implicit and explicit
associations among biological entities such as genes, proteins,
diseases, and pathways, etc. [11]. In this study, we use the
explicit associations among proteins (protein-protein
interactions) that are discovered by BioMAP for the pathway
analysis.
BioMAP extracted 133,923 articles from PubMed for the
input data given in Table 1. 16,414 molecular entities are
extracted by BioMAP from these documents. To remove noise
from BioMAP output, this list of 16,414 entities are mapped
to Swiss-Prot annotations. In this work, we considered only
the entities that are mapped to gene name and synonyms in the
Swiss-Prot annotations. With this mapping technique the total
entity names (16,414) are then reduced to 2724 unique SwissProt entry names. The global analysis for understanding CRC
is carried out on these entities. In-house protein-protein
interaction algorithm is used to validate the interactions [12].

2.2

2.3

Pathway analysis metrics

For analysis of the molecular entities, we used MetaCore,
an integrated software suite for functional analysis of
experimental data [http://www.genego.com]. The pathways
identified by MetaCore are analyzed using the p-values and
their ranks.

The P value for each association [𝑃 𝑁, 𝑛1 , 𝑛2 , 𝑚 ]:
𝑁−𝑛 1 ! 𝑁−𝑛 2 !𝑛 1 !𝑛 2 !
𝑁!𝑚 ! 𝑛 1 −𝑚 ! 𝑛 2 −𝑚 ! 𝑁!−𝑛 1 −𝑛 2 +𝑚 !

(1)

Using the above equation, we compute the p-value for each
association. Association with p-value < 0.05, are analyzed to
identify the drug target.

3
3.1

Results and discussions
Functional analysis of molecular entities of
colon rectal cancer

Using the literature augmented proteomics data (LAD)
with MetaCore, we identified 294 significant pathways with
the –log (p-value) ranging from 1.601 to 19.451. Table 2
shows the profile of the top 5 pathways along with the number
of nodes which are identified through literature mining. The
nodes depict the number of proteins associated with the
respective pathways.
Table 2: Pathways identified using literature augmented
data (LAD)
Pathways

-log(pvalue)

1. Cytoskeleton remodeling
TGF, WNT and
cytoskeletal remodeling
2. Apoptosis and survival
FAS signaling cascade
3. Signal transduction
PTEN pathway
4. Apoptosis and survival
TNFR1 signaling pathway
5. Cell adhesion
Chemokines and adhesion

Nodes

19.451

52

15.640

28

14.525

28

14.513

27

12.984

41

Even though we identified 294 pathways, for this work,
we considered only the top 50 highly relevant pathways
(based on p-values) for further analysis.
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These 50 pathways are associated with the following
domains: apoptosis, signal transduction, cell cycle,
cytoskeleton remodeling, immune response, DNA damage,
cell adhesion, chemotaxis, development, transcription, and
translation. These identified domains are relevant in CRC.
Table 3 shows a comparison between the published CRC
pathways, pathways identified using only the “Bait List” and
the pathways identified (in Table 2) using literature
augmented data (LAD). Table 3 also identifies nodes
identified by LAD.
Table 3: Comparison of published CRC pathways with
bait list and literature augmented data (LAD)
Published
Pathways [14]

Bait List

1. Wnt signaling
2. TGF-β signaling
3. MAPK signaling
4. MSI pathway
5. EGFR signaling
6. FAS signaling
7. TNFR1 signaling
8. Caspase-cascade
9. Lymphotoxinbeta receptor
10. Prolactin receptor
11. Flt3 signaling
12. ERBB family
13. TGF-beta receptor
14. EPO-induced
JAK-STAT
15. K-Ras
16. TLR signaling
17. CCR3 signaling
18. IL-x signaling
19. BCR pathway
20. PTEN signaling
21. AKT signaling
22. PLAU signaling

LAD

#Nodes
(LAD)

Y
Y
Y
N
Y
N
N
N
N

Y
Y
Y
Y
Y
Y
Y
Y
Y

31 / 84
38/ 73
25 /25
6/65
31 / 71
27 / 44
27 / 48
15/15
20 / 41

N
N
N
Y
Y

Y
Y
Y
Y
Y

30 / 61
24 / 54
24 / 52
38 / 73
20 / 38

Y
N
N
Y
Y
Y
N
Y

Y
Y
Y
Y
Y
Y
Y
Y

15 / 28
24 / 50
23/ 121
26 / 67
27 / 75
31 / 54
29 / 57
20 / 47
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Since we identified all the published CRC pathways,
using LAD, therefore we can extrapolate our hypothesis that
the new pathways or the novel pathways identified by LAD
can also be relevant to CRC. In this work we identified four
novel pathways : In literature these pathways have no direct
relevance with CRC. These novel pathways are given in
Table 4.
Table 4: Novel pathways and its –log(pvalue) identified
using literature augmented data
Novel Pathways

-log(p-value)

1. Mucin expression
pathway
2. Bacterial infections
In CF airways
3. NF-AT signaling in
Cardiac Hypertrophy
4. Receptor mediated
axon Growth repulsion

10.288

3.2

9.477
7.482
7.350

Pathway Analysis

We analyzed the four novel pathways given in Table 4,
with respect to their significance in CRC and compared them
with already published pathways in CRC to identify their
probable interactions. A detailed study for one of the pathway
is discussed below. Similar analysis can be carried for the
other three pathways.

3.2.1 Mucin expression pathway
Expression of MUC1 and down-regulation of MUC2 are
associated with CRC[15]. The transcription factors and the
receptors associated with this pathway are shown in the Figure
1. From Figure 1, we see Mucins have direct interaction with
SP1, AP-1 and NF-kB. These transcription factors up-regulate
the expression of Mucins.
Understanding the role of mucin expression pathway in
CRC

From Table 3 we analyze that 50% of the known pathways
are detected using only the “Bait List”, whereas using LAD all
the published pathways given in literature are identified.
Nearly 50% of the nodes for each of the above published
pathways are identified using LAD. Data shown in Table 3
clearly indicates that pathways obtained by using LAD are
relevant to CRC.
Data given in Table 3 validates our hypothesis that it is not
possible to get a global view of CRC using a small set of
proteins - i.e. using only the “Bait List”. However, by using
LAD, it was possible to identify all the reported significant
pathways and entities of CRC.

From Figure 1, we see that this pathway is a function of
important receptors/ligands like TGF-alpha, EGFR, TLR2, IL6, proteins like SOS, Shc, MyD88, c-Src, c-Raf-1, Erk1/2, IkB, p38alpha, MUC2, Mucin 5AC, Mucin5 B and
transcription factors like NF-kB, c-Jun, c-Jun/c-Fos, AP-1,
and SP1. All these entities are identified by LAD i.e. the total
number of nodes identified by LAD for this pathway is 25/45
(nearly 55% nodes identified from literature), indicating a
significant level of confidence for this pathway.
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Beta-catenin regulates various genes that are related to cell
proliferation through interaction with Tcf(Lef), c-Src etc.
Also, decreased expression of beta-catenin is associated with
tumor metastasis.
Direct correlation of Mucins with Beta-catenin is not
reported in literature. From this analysis we understand that
Mucins are important entities of signal transduction domain in
CRC and mucins expression has relevance in signaling
pathways involving EGFR, TLR2, Wnt and Beta-Catenin.
Figure 2 and Figure 3 give the overall network of Mucins with
Beta-catenin and Wnt.

Figure 2: Connectivity profile of Mucins with Betacatenin.

Figure 1: Mucin Expression Pathway
Analyzing the role of mucins/mucin expression pathway in
CRC
Mucins are large extracellular proteins that establish the
selective barrier at the epithelial surface and signal
transduction. Mucins are involved in cell signaling via
multiple tyrosine phosphorylation sites and loss in mucin
contributes to cell signaling loss by associating with EGFR.
Mucin activation affects β-catenin in cytosol and prevents it
from interacting with other complexes and it finally influences
the Wnt signal transduction and EGFR (We have identified
EGFR and c-SOS in Figure 1). It has been already established
that disruptions of Wnt Signaling pathway results into
proliferation of CRC [16]. This consequently regulates the
expression of Beta-catenin reaching the nucleus. Further,

Figure 3: Connectivity profile of Wnt and Betacatenin
To further validate Mucin expression pathway, we
analyzed the molecular entities of Mucin expression pathway
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with entities of pathways given in Table 2. Table 5 gives the
hub entity profile of all the important domains of Table 2.

Table 5: Molecular entities identified in literature
augmented data belonging to different domains of
importance with respect to colon rectal cancer

Domain

Molecular Entities

1.Cytoskeleton
Remodeling

Rac1, mTOR, actinin, Beta
catenin, PTEN, H-Ras, Shc

2. Apoptosis
Survival

MAPK, H-Ras, Caspase
cascade, BAD, Bid, c-Raf-1, Brca1,
Fas, Bax, NOXA, Shc

3. Development

Raf-1, Fyn, cyclin D, GSk3-beta,
FAK1, SMAD7,
FAK1, MAPK,
caspase, bcl-2, PTEN
MyD88, Bcl-2, TRAF1, SHP-1, GSK3beta, MAPK, COX-2, BCL-xl

4. Immune

5. DNA

6. Signal
Transduction

Cyclin D, Brca2, Brca1, c-Raf-1,
MAPK, MSH2, MSH6, ATM, Rad51,
MLH1
PTEN, Caspase-cascade, c
Raf-1,
a-Raf-1,
Tuberin,
Shc,
microRNA, c-Src, BAD, Bcl-x,
MDM2, Bax, cyclin D, AKT1, Rad50,
FAK1, Shc, SOS, c-cbl

By comparing the entities identified in Figure 1 with Table
5, we observe the molecular entities of Figure 1 are identified
in signal transduction domain. Also, the transcription factors
and receptors identified in mucin expression pathways belong
to the signal transduction domains.
On analyzing the transcription factor connectivity of the
signal transduction with mucin expression pathway of Figure
1, we show in Figure 2 the transcription factor AP-1 directly
interacts with c-Jun/c-Fos. It also regulates the expression of
Mucins, MMP, CCL15, C/EBPbeta, NF-kB, Tcf-Lef and cMyc. Most of these entities belong to signal transduction
domain. AP-1 was one of the novel transcription factor
identified in this pathway, which was not identified in any
other signal transduction pathways in our study. Interactions
of MUC with EGFR, c-SOS and Beta-catenin are well studied
in breast cancer [17] and are linked with proliferation of the
disease and our analyses also give similar association for
CRC.

Figure 2: TF’s in Mucin Expression Pathway
From this analysis and the brief study, it can be concluded
that Mucins, AP-1 and the mucin expression pathway
identified has relevance with signal transduction pathway
involved in CRC.

4

Drug targets identification

Can our study lead to identifying probable drug targets
for CRC? With literature augmented data (LAD) we showed
that it discovers a large amount of data specific to each
pathway domains. By analyzing each domain, our
methodology identified that some entities are common to two
or more domains and some entities are entirely specific to
one domain only.
Entities common to more than two domains can be considered
as potential drug targets? Entities common to two or more
domains identified in pathways of Table 2 are usually the hub
nodes: p53, NF-kB, c-Myc, Tcf(Lef), c-Jun, VEGF-A, TGFalpha, TGF-beta, EGF, EGFR, FasL, etc.
P53, NF-kB and c-Myc are already proven drug
targets/biomarkers for one or more type of cancer and these
are also identified by our methodology. P53, known as
“Guardian Genome” regulates the cell cycle at the G1/S
regulation point on the DNA damage recognition and also it
can initiate apoptosis if DNA damage is irreparable [18].
From our analysis of all domains in Table 5 and pathways in
Table 2, we observe that P53 is present in all domains
(cytoskeleton
modeling,
Apoptosis
and
survival,
Development, Immune, DNA damage and signal
transduction). It regulates many TF’s (Androgen Receptor, cMyc, p73, SLUG, ESR1(nuclear), GCR-alpha, HMG1) and
entities (PCNA, p21, APEX, MDM2, p300, Vimentin,CDK1,
PIAS1, Tip60,DNMT) identified in our LAD. PCNA and
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Tip60 are already identified drug targets for breast cancer and
CRC respectively. Hence, we can conclude P53, an important
entity with respect to CRC.
NF-kB is common to four domains (Apoptosis and
survival, Immune, Development and Signal transduction) in
Table 5. NF-kB interacts with many transcription factors and
receptor ligands i.e c-Myc, p53, TNF-alpha identified in our
LAD. NF-kB plays an important role in inhibiting apoptosis,
increasing cell proliferation, inflammatory and immune
response. Activation of NF-kB contributes to propagation of
several type of cancer [19]. c-Myc is over expressed in CRC.
Table 5, identifies the presence of c-Myc in 5 domains. APC
mutations (one of the leading cause of CRC) increase βcatenin activity and Tcf(Lef) activity which leads to the upregulation of c-Myc and propogates neoplastic growth [18]. cMyc also effects the expression of cyclin D1 observed in
CRC. C-Myc directly interacts with NF-kB and p53.
From this brief analysis we can conclude that hub nodes
or nodes common to two or more domains have major role in
the regulation/propagation of CRC. Similar analysis can be
done for all the other nodes that are common to two or more
domains and their relevance with CRC can be studied by the
biologist.
Entities identified in very few domains are drug targets? The
entities identified in novel pathways and in less than two
domains are: cytokines (IL-6, IL-8), AP-1, IRF1, STAT3,
SMAD2, etc. Are these entities not significant with respect to
CRC or are they important to CRC? To identify the drug
targets from low connectivity nodes we used the method
described in section 2. For the pathways listed in Table 2, a
total of 593 associations with significant p-value < 0.05 are
identified. 126 unique molecular entities define these
associations. The top 10 associations using the methodology
are given in Table 6 and these entities can be considered as
drug targets.
Table 6: The top 10 association with p-value < 0.5
Association

p-value

SP1: c-Myc
SP1: p53
c-Myc:p53
p300:p21
SP1:ESR1(nuclear)
P53:ESR1(nuclear)
P53:p300
c-Myc:CBP
E2F1:p53

1.85E-23
3.19E-22
9.79E-21
3.44E-19
4.37E-17
2.34E-16
1.03E-14
6.74E-14
1.04E-13

Using this approach we identified drug targets as AP-1,
MUC1, VDR, STAT3 (which are not hub nodes) and c-Myc,
P53 etc (hub nodes). The importance of AP-1 and MUC1 in
CRC is discussed in earlier section. Recent studies identified
VDR as a drug target for CRC [20]. Table 7 shows the result

with respect to known drug targets and probable drug targets
identified by our approach after multiple threshold analysis.
Table 7: Probable drug targets identified in colon cancer
(these were identified by our methodology)
Entity

P53
NF-kB
c-Myc
c-Jun
VEGF-A
TGF-alpha
EGFR
FasL
PTEN
AKT2
ErbB2
IGF1R
Rac1
RhoA
SHC1
MDM2
IL-8
AP-1
IRF1
STAT3
SMAD2
ESR1
E2F1
FAS
iNOS
Neuregulin
Prolactin
MyD88
HAND1
MSH2
MSH6
MEF2A
BCL-2
Fibronectin

5

Known
Drug target
Y
Y
Y
N
Y
Y
Y
Y
Y
Y
Y
Y
N
N
N
Y
Y
N
N
Y
Y
N
N
N
N
N
N
N
N
Y
Y
Y
Y

Probable
Drug target

Y

Y
Y
Y

Y
Y

Y
Y
Y
Y
Y
Y
Y
Y

Y

Conclusions

We presented a methodology to incorporate literature
augmented proteomics data with experimental data and
demonstrated the importance of this approach in identifying
novel pathways, entities and drug targets in CRC. Our
analysis identified existing pathways as well as new pathways,
which are not widely known. The new pathways identified
had correlation with the existing ones with respect to the
overall function. The analysis gives a methodology to identify
drug targets by using literature data. Further validation of each
drug target needs to be done in the laboratory to understand
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their significance in the colon rectal cancer. With this study it
can be concluded that LAD can identify novel evidences that
experimental data “Bait List” alone cannot achieve.
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Abstract - TLP is a tumor-associated antigen and a 100 kDa
protein overexpressed in lung tumors and other epithelial
adenocarcinomas. It is immunogenic in humans as shown by
serum antibodies.
Since TLP is a fragment of a protein identified in extracts of
human Non Small Cell Lung (NSCL) cancer and colorectal
cancers (CRC), and its sequences stimulate cytotoxic
immunoresponse in humans and animal models, it is possible
to design potential active and passive immunotherapies for
NSCL cancer and CRCs based on TLP epitopes and
humanized antibodies.
Therefore, TLP is a platform technology that can be used for:
- a cancer diagnostic test to measure TLP levels in serum; - a
cancer therapy monitoring test - might measure changes in
TLP levels in response to therapy; - a cancer therapy fragments of TLP can be used to stimulate immune response
to attack existing tumors; - a cancer vaccine: at-risk
populations could be inoculated with TLP fragments to
stimulate immune response to undetected or newly developing
tumors.
Finally, the ability of the immune system to recognize TLP,
thus enabling development of a vaccine approach for
therapeutic application, represents a main target of this field
of research.

1 Introduction.

patients [3], [4]. A reasonably high level of purification of
TLP enabled us to obtain an initial amino acid sequence which
in turn led to the synthesis of the following three specific
peptides
from
lung
and
colon
cancer
[5]:
ArgThrAsnLysGluAlaSerIle;
GlySerAlaXpheThrAsn;
AsnGlnArgAsnArgAsp.
A
fourth
peptide,
GlyProProGluValGlnAsnAlaAsn, was obtained from TLP
which was purified from an urogenital tumor. Recent studies
[6] with rabbit antibody raised against a peptide from lung and
colon cancer, made up of eight amino acids, revealed that TLP
is produced in the cytoplasm of the malignant cells. Since it
was not detected in normal tissues, we concluded that it was a
tumor-specific antigen. Our work on TLP indicates that this
protein appears to be a new tumor marker with potential
clinical applications. Using Western blot analysis, we were
able to show that TLP was expressed in all lung cancerderived cell lines, in breast cancer-derived cell lines, and in
colorectal-derived cell lines that were studied [6].
Since lung and intestinal tissues have a common embryonic
origin, it is not unreasonable to suggest that TLP might be
tumor-specific antigen for at least some of the malignancies
that arise from tissues of epithelial origin. Since we were not
able to detect TLP in normal lung tissues, nor in the
osteosarcoma cell line SAOS-2, the notion that TLP is indeed
a tumor-specific antigen is supported. On the basis of the
immunohistochemical studies which revealed a large amount
of TLP in the columnar epithelial cells and lumen (secreted
TLP), as illustrated in Figure 1, it appears that TLP is a
cytoplasmic antigen which is specific for epithelial cellderived neoplasms.

In 1983 a tumor associated antigen (TAA) was isolated
from non small cell lung (NSCL) cancer [1] and named tumor
liberated protein (TLP). TLP is composed of soluble
lipoglycoproteins; its size measures between 48.1 and 61 A
and it has an isoelectric point less than 7.0 and a molecular
weight of 214,000 Da. It was first analyzed for amino acid
composition and then some partial sequences were obtained. A
100 kDa (CSH-275) fragment was identified in TLP and one
epitope was used as an antigen to produce antibodies directed
towards specific sites of TLP by inoculation in rabbits [2].
This antiserum was named CSH-419 and used by some
authors for research on TAA in lung and colorectal cancer

Figure 1. TLP immunohistochemical expression by the
specific antibody to RTNKEASI sequence. A representative

Keywords: TLP, NSCL, CRC, Immunotherapy, Vaccine
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staining in an adenocarcinoma of the colo-rectal carcinoma (X
480).
Preincubation of the antibody with the corresponding
immunizing antigenblocked the immunocytochemical reaction,
thus confirming the specificity of the antibody [6].
Combining the immunohistochemical data with the results of
the Western blot analyses, we conclude that TLP is a
cytoplasmatic antigen specific for epithelial cell-derived
neoplasms only, because it was not detected in non-neoplastic
tissues cells, in neuroendocrine tumors, or in mesenchymal
cell-derived tumors and normal cells [7]. In addition, finding
that TLP is detectable in neoplasms and tumor cell lines with
common embryological features seems to suggest that TLP
might be an "oncofetal antigen."

2 Aims and Perspectives for TLP.
Tumour Liberated Protein (TLP) is expressed in tumour
cells of epithelial origin (Lung, Colon and Urogenital
carcinoma) [1]. The presence of the TLP was demonstrated in
tumour cells but not in the surrounding healthy tissues. These
observations suggest the possible role of the TLP in the
diagnosis as tumour marker. Moreover, antibodies anti-TLP
could be employed in therapy of these carcinomas.
The purifìcation and the subsequently analysis by protein
sequencing of the TLP allowed to the identifìcation of the
aminoacidic sequence of few portions of the TLP [[2].
The aminoacidic sequence -RTNKEASI- was obtained from
this type of studies. The synthetic peptide RTNKEASI was
successfully employed for the production of polyclonal
antibodies that recognize TLP. In order to identify the nature
of the TLP we employed molecular biology techniques aimed
to the cloning of DNA fragments coding for the TLP.
Employing the aminoacidic sequence information we
synthesized a degenerated oligonucleotide that represent all
the possible combinations of DNA sequences codifying for the
RTNKEASI sequence.
This oligonucleotide was used for the isolation of TLP related
DNA fragments.
The identifìed DNA fragments were subsequently cloned in
plasmidic vectors and sequenced. The analysis of the
sequences obtained revealed a number of genes containing
portions of the RTNKEASI sequence.
Remarkably, one sequence shows an identity of seven
aminoacids to eight with the RTNKEASI sequence and a
strong homology between the two non common aminoacids.
This DNA fragment is identical with a gene codifying for a
human protein that is normally not present in the healthy lung
tissues.
In order to ascertain the possible role of this protein we are
cloning the full length gene.
However, it is well known that the cellular transformation is
induced and or induce the expression of mutated proteins. In
order to identify if the initial DNA fragment cloned is a part of
a variant of the wild type gene we are performing several
experiments aimed to the identifìcation of DNA fragments
containing the sequence initially cloned.

331

The availability of such protein preparations will facilitate
future studies on the role of TLP in human C malignancy. It
could also enable the preparation of an assay for early
diagnosis of the corresponding tumors [3] and might even be
useful in the generation of a specific anticancer vaccine to
prevent neoplastic disease in subjects at risk of developing
cancer, through the stimulation of the immune system by
preparing on attack against cells that express this protein.
Joel S. Greenberger together with Michel W. Epperly and
Kenneth W. Brunson (University of Pittsburgh Cancer
Institute) demonstrated by Western blots that the affìnity
purifìed antibodies as well as IgG fraction of the polyclonal
anti-TLP anti-serum were able to bind to the TLP antigen [8].
The results of flow cytometry demonstrated that on an average
less than 15% of the 273T cells would bind the antibodies to
their cells surface. This suggested that the TLP antigen in the
cell membrane was expressed in a conformational state which
was inaccessible for binding to the anti-TLP antibodies [8].
The results of this experiment demonstrated that rendering the
cell membranes permeable increased the fraction of cells
which were labeled with the anti-TLP antibody.
This indicates that the TLP antigen is either expressed
intracellularly or in a conformational state whereby the antiTLP antibodies are not able to bind the epitope.
With the aim of identifying with the potential role of TLP in
early lung cancer detection, anti-TLP antibodies were studied
in lung cancer patients. Low sensitivity could result from the
appearance of specific immunocomplexes able to block the
detection of TLP, when anti-TLP antibodies appear in the
serum of the patient. In view of this possibility we performed a
study to determine the presence of anti-TLP antibodies in sera
from NSCL cancer patients and also to determine whether
these antibodies represent an immune response to TLP related
to human lung cancer. It was also important to show the
correlation of the antibody with the time of appearance of the
TLP in the blood of the patients. Furthermore, in 1997 it was
shown for the first time that this antigen obtained
from human lung cancer is capable of producing a humoral
immune response [9].
Hybridomas producing anti-TLP monoclonal antibodies
(MAbs) were produced using the somatic fusion method with
spleens of mice immunized with TLP-derived peptide
RTNKEASIC, conjugated with KLH and BSA.
TLP is a cytoplasmic antigen which is specific for epithalial
cell – derived neoplasms [4], [6] it may be detected on the
cancer cell membrane into a compartment from where it can
be liberated by cell lysis, also caused by chemotherapic drugs.
Therefore the use of monoclonal antibodies to TLP with
therapeutic purpose might be made easier by the simultaneous
administration of drugs that render evident the receptor site
of the TLP epitope

3 Conclusions.
Ongoing studies have attempted to achieve the complete
sequence of TLP, which in turn should enable in vitro
preparations of large quantities of TLP by genetic engineering.
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The RT-PCR of the TLP fragment (300 bp), from the A549
cell line, was subcloned into the PGEM-T easy plasmid
(vector) (Promega, Madison, WI), resulting in the T-easy TLP
construct (3,300 bp). The fragment (300 bp) could be cleaved
with EcoRI. A putative open reading frame was deduced [10].
The availability of such antigen preparations will facilitate
future studies on the role of TLP in human malignancy. It
could also enable the preparation of an assay for early
diagnosis of the corresponding tumors [11], [12] and might
even be useful in the generation of a specific anticancer
vaccine to prevent neoplastic disease in subjects at risk of
developing cancer, through the stimulation of the immune
system by preparing on attack against cells that express this
protein. With the aim of identifying with the potential role of
TLP in early lung cancer detection, anti-TLP antibodies were
studied in lung cancer patients, Low sensitivity could result
from the appearance of specific immunocomplexes able to
block the detection of TLP, when anti-TLP antibodies appear
in the serum of the patient. In view of this possibility, we
performed a study to determine the presence of anti-TLP
antibodies in sera from NSCL cancer patients and also to
determine whether these antibodies represent an immune
response to TLP related to human lung cancer. It was also
important to show the correlation of the antibody with the time
of appearance of the TLP in the blood of the patients [12].
Furthermore, in 1997 it was shown for the first time that this
antigen obtained from human lung cancer is capable of
producing a humoral immune response [9].
New studies presented in the Journal of Cellular Physiology
[13] show that a rabbit antibody raised against a second
peptide of six amino acids (NQRNRD) from NSCLC
belonging to the same protein previously detected and
characterized (TLP) is produced in the cytoplasm of malignant
cells. Our study indicates that this protein appears early in the
modified epithelial cells of interstitial lung fibrosis and might
be a predictive marker of cell transformation.
These findings might allow for the preparation of an ELISA
with a first sandwich between the polyclonal antibody against
RTNKEASI and the serum sample capturing the antigen, and
then a second immunological reaction between the second
rabbit antibody (anti-NQRNRD) and the previous complex for
revealing the reactivity. A specificity >95 and an increased
sensitivity would yield a good method for the detection of
TLP antigen in the early stages of lung cancer.
A cancer therapy - fragments of TLP can be used to stimulate
immune response to attack existing tumors [14], [15];
A cancer vaccine – at-risk populations could be inoculated
with TLP fragments to stimulate immune response to
undetected or newly developing tumors.
Since TLP is a fragment of a protein identified in extracts of
human NSCL cancer and colorectal cancers (CRC), and its
sequences stimulate cytotoxic immunoresponse in humans [1],
[14],[16] and animal models [7], [15], it is possible to design
potential active and passive immunotherapies for NSCL
cancer and CRCs based on TLP epitopes and humanized
antibodies.

Finally, the ability of the immune system to recognize TLP,
thus enabling development of a vaccine approach for
therapeutic application, represents a main target of this field of
research [17].
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Abstract - The 2009 novel swine origin influenza A (H1N1)
virus (S-OIV) has spread causing a global pandemic. The new
S-OIV is believed to have emerged from the reassortment of
swine influenza A viruses and Eurasian avian-like swine
lineages. This study investigates the relation of the new S-OIV
with other H1N1 influenza A viruses in human hosts and
identifies the influenza A viruses that are closely related to the
new S-OIV. Phylogenetic analysis was performed on all
available sequences of human H1N1 viruses. The results
revealed that new viruses are likely derived from other viruses
circulating around the same period of time. However, the SOIV outbreak is closely related to viruses circulating in
human or other species for a lengthy period of time. In
particular, the new S-OIV is closely connected to the Fort Dix
swine flu virus of 1976. In addition, the relationship between
the H1N1 viruses in human and other influenza A viruses was
studied. The H1N1 viruses were found to bear similarity with
avian, and swine influenza viruses.
Keywords: 2009 influenza pandemic H1N1 influenza virus;
influenza virus reassortment; phylogenetic analysis; sequence
comparison; neighbor joining method

1

Introduction

The outbreak of the novel swine origin influenza A
(H1N1) virus (S-OIV) in 2009 has caught a lot of attention
because of its impact worldwide [1]. The World Health
Organization (WHO) declared the outbreak a global
pandemic in June 2009 [2]. The common cause of influenza
(flu) is the Orthomyxoviridae family of RNA viruses. This
family includes Influenzavirus A, Influenzavirus B,
Influenzavirus C, Isavirus and Thogotovirus. Of these, the
first three cause flu in vertebrates. The present paper deals
with the H1N1 flu virus that is a subtype of Influenzavirus A
and is one of the most common causes of flu in human.
The new S-OIV virus was first identified in Mexico during
the month of April of 2009. The new influenza A strain has
been reported to have a unique genome composition that had
not been identified previously [3]. Based on sequences of the
genomic segments from the isolate (A/California/04/2009),
the S-OIV was identified to be a reassortment of a strain
previously found in triple-reassortant swine influenza viruses
circulating in pigs in North America and a strain in swine

populations in Europe and Asia [3]. The results were further
verified [4, 5]. The new S-OIV was found to contain six
segments from the North American lineage and two segments
from the Eurasian lineage [3, 4, 5].
The evolutionary history of influenza A (H1N1) in human
hosts is complex. In this study, phylogenetic analysis of
human H1N1 viruses was carried out to characterize the
similarity and differences between the new S-OIV and
previously reported human H1N1 viruses. The variations of
genomic segments of the human H1N1 viruses across the
years were analyzed. In addition, the relationship between SOIV and other flu viruses were also studied.

2

Materials and Methods

We constructed phylogenetic trees to understand the
genetic evolution of H1N1 virus. The trees were constructed
using all full length coding sequences from unique isolates of
H1N1 available in human hosts, starting from 1918 till
September 2009 [6]. The dataset consists of 373 protein
sequences for PB2, 337 for PB1, 301 for PA, 959 for HA,
205 for NP, 805 for NA, 121, 173 for M1 and M2 and 303
and 119 for NS1 and NS2. Phylogenetic trees were
constructed using the neighbor-joining method with genetic
distances calculated based on mPAM [7].
Furthermore, we calculated the percentage changes in
genomic sequences for H1N1 viruses in human hosts. Yearwise comparisons over a decade were performed. For each
year, ten RNA sequences were retrieved for each RNA
segment. The average percentage change in genomic
sequences in the ten samples was compared with the change
in the previous year.
To find the influenza A viruses closely related to the H1N1
human virus and possibly shared a common ancestor,
phylogenetic trees were constructed using isolates of all
possible subtypes of influenza A viruses in all the hosts. 10
samples were retrieved from each of the 172 subtype of
influenza A including avian H5N1, swine H3N1, swine
H1N1, mink H3N2, and environment H5N1. Each sample
consists of the nucleotide sequences of the eight RNA
segments (PB2, PB1, PA, HA, NP, NA, MP, NS). Total
13,760 nucleotide sequences were downloaded. A
phylogenetic tree was built for each RNA segment using
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Figure 1. Genetic relationships among human H1N1 viruses (PA)
neighbor joining method based on the 172 RNA sequences
(one per subtype). Ten trees were built for each of the eight
segments based on the 10 samples. A consensus tree was then
obtained for each RNA segment.

3

Results and Discussions

Phylogenetic trees were constructed using neighbor-joining
method to understand the genetic evolution of H1N1 virus in
human hosts. The trees for the coding sequences of RNA
segments PA, PB2, HA, NP, NS1 are shown in Figure 1-5.
These phylogenetic trees show the genetic changes of H1N1

Figure 2. Genetic relationships among human H1N1 viruses (PB2)

virus over the past 90 years. As we can see from the figures
and the phylogenetic trees for PB1, NA, NS2, M1 and M2
(not shown in the paper), the strain from the 1918 isolate [8]
has really unique genomic components. It has been regarded
as an out-group in all trees. In addition, the coding sequences
of the isolates obtained around same time period were
generally grouped together. Figure 1 shows that the PA
sequences obtained around 1930-1950 are closely related,
while the ones from the past ten years are clustered together.
The results indicate that the new viruses are likely derived
from other viruses circulating around the same period of time.
The top branch of the tree for PA indicates that the most
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Figure 3. Genetic relationships among human H1N1 viruses (HA)

Figure 4. Genetic relationships among human H1N1 viruses (NP)
closely related H1N1 viruses to the new S-OIV were swine
origin, including an isolate of the swine origin H1N1 virus
obtained in 2005 from Iowa (A/Iowa/CEID23/2005). In

addition, we can see the new S-OIV is also closely related the
Fort Dix swine flu outbreak happened in 1976.
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Figure 5. Genetic relationships among human H1N1 viruses (NS1)
A cluster of sequences from 1930-1950 and a cluster of
sequences from the past decade can be observed in all other
genomic segments. The new S-OIV is clustered together with
isolates of swine origin in other segments also. In particular,
the Iowa isolate (A/Iowa/CEID23/2005) was also found to be
one of the closest neighbors of the new S-OIV in other four

segments PB2, NP, NA, and HA. We also see that the new SOIV were located in a very close lineage to the 1976 Fort Dix
swine flu in the other genomic segments of PB2, NA, HA,
NP, and NS. This result indicates the ancestors of the new SOIV might be circulating among swine, human and possible
other species for a lengthy period of time.
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Figure 6 shows the year-wise percentage variations in the
differences of RNA sequences for H1N1 viruses. The results
confirm the observation drawn from the phylogenetic trees
shown in Figure 1-6. The percentage changes in most of the
genomic segments before 2009 were gradual from one year to
another, although we do see spikes of about 15% change in
MP and NS in 2004 and a spike of 24% in HA in 2005.
However, the genomic segments of the new S-OIV are quite
different from what those of H1N1 in the previous year. We
see at least 12% changes in the RNA sequences in all eight
genomic segments, indicating the novelty of the new S-OIV
strains.

occasionally [9], they can potentially evolve into strains that
causes pandemic.

Consensus phylogenetic trees (not shown in this paper) were
constructed to identify the common ancestors of the influenza
A viruses and H1N1 human virus. Table 1 presents a
summary of the results obtained from the consensus trees.

[3] Dawood F.S., Jain S., Finelli L., Shaw M.W., Lindstrom
S., Garten R.J., Gubareva L.V., Xu X., Bridges C.B., Uyeki
T.M. (2009), “Emergence of a Novel Swine-origin Influenza
A (H1N1) Virus in Humans”, New England Journal of
Medicine, Vol. 360, pp. 2605-2615.

As we can see, in all genomic segments, the human H1N1 is
closely related to the swine and avian flu viruses. The results
agree with what were reported in the past [3, 4, 5].
Table 1: Nearest neighbor influenza A viruses of H1N1 human
virus.
RNA
segment

4

Nearest neighbors of human H1N1

PB2

Swine H2N3, Swine H5N2, Swine H3N1, Swine H1N2

PB1

Swine H1N1

PA

Swine H1N2, Swine H3N1, Avian H1N2

HA

Swine H1, Swine H1N2

NP

(This RNA segment is quite unique in human)

NA

Avian H1N1, Avian H3N1, Avian H7N1

MP

Swine H1N1

NS

Swine H1N2, Swine H3N1, Avian H1N2

Conclusions

The new S-OIV has a unique genomic composition. The
results of this study reveal relationships among the new SOIV and the previously reported human H1N1 viruses. The
phylogenetic trees revealed that new viruses are likely
derived from other viruses circulating around the same period
of time. However, the new S-OIV outbreak is closely related
to viruses circulating in human or other species for a lengthy
period of time. The phylogenetic trees based on the six
proteins segments indicate the new S-OIV is related to the
Fort Dix swine flu outbreak happened in 1976. The year-wise
comparison of the RNA sequences for H1N1 viruses show
the sharp increase in differences in all eight genomic
segments between the 2009 H1N1 virus and those in the
previous year. This result exposes the novelty of the new SOIV. Our results also indicate the human H1N1 viruses
contain genes directly related to those obtained from past
avian, human, and swine influenza viruses, indicating that
although some zoonotic influenza virus infections occur
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Abstract— The Type A influenza virus (Orthomyxoviridae)
is a segmented, negative sense, single-stranded RNA virus
that infects birds and mammals. Within this report we
describe an exhaustive evolutionary distance analysis of
47,613 influenza genomes compared to a background consisting of the complete human genome. We used a suite of
novel algorithms to quantify the number of nucleotide edits
required to change each parasite sub-sequence of a given
length (n-mer) to an n-mer found within the background,
inclusive to three substitution mutations, thereby producing
a metric of genomic distance for each influenza sequence
as compared to its human host. Results indicate that the
influenza virus is more similar to the human genome than
randomized sequences with equivalent GC-content; further,
this genomic distance varies by segment, sero-type and host
of isolation.
Keywords: Co-Evolution, Influenza, Homo Sapiens

Introduction
The influenza virus is a persistent cause of human disease.
The virus infects hundreds of thousands of human beings
each year, and endemic strains annually account for approximately 35,000 deaths in the United States. Endemic strains
often emerge from animal reservoirs as pandemics with
punctuated and massive levels of human mortality before
they attenuate to human hosts. Emerging events include the
1918 H1N1 pandemic (approximately 40,000,000 dead), the
1957 pandemic (2,000,000 deaths) and the 1968 pandemic
(1,000,000 deaths). As of this writing, a new reassortment
of the H1N1 strain has emerged and is already responsible
for more than 2,000 human casulties.
Influenza viruses (Orthomyxoviridae) are single-stranded,
negative sense RNA (ssRNA-) viruses that replicate and
translate their genomes inside host epithelial cell nuclei.
Three types of influenza virus (A, B and C) commonly
infect human hosts, while Type A infections produce most
of the human mortality. Though a few strains circulate
predominately among human beings, water fowl serve as the
primary reservoir host for this virus. It also infects a range
of mammals besides human beings, including swine, horses,
canines, felines and several species of marine mammals.
Within birds, the virus infects cells of the intestinal
epithelium, where pH is low and temperature is approximately 41◦ C. Within mammals, it infects upper respiratory

epithelium, where pH is moderate and temperature is approximately 33 ◦ C [1], [2]. These and other aspects of host
physiology constrain development of the virus and impact
its capacity to transition from host to host or from species
to species.
The genome of this virus is comprised of eight independent segments ranging from a maximum length of
approximately 2,400 nucleotides to a minimum length of
approximately 800 nucleotides. Except for a few strains that
code for an additional virulence factor on segment 1, each
of the longest six segments (one through six) code for one
viral (glyco)protein, while the two shortest segments (seven
and eight) each code for two viral proteins. Three of these
(glyco)proteins protrude externally from the capsule of the
viral particle, while the remainder are internal components
and thus concealed from host immunities.
Key antigenic components of the external viral capsule include the glycoproteins hemagglutinin (HA), neuraminidase
(NA), and the matrix two protein (M2), an ion channel.
Forming the capsule shell just beneath a lipid bilayer consisting of host cell membrane material, the matrix one (M1)
protein makes contact with the external components of the
virion, while also maintaining vital contacts with internal
members, as well. These internal members include the nonstructural proteins (NS1 and NS2/NEP), the viral RNApolymerase proteins, both basic and acidic, (PB1, PB2, and
PA) and the nucleocapsid protein (NP). NP packages the
ssRNA- genome, and it also binds the polymerase proteins
such that the viral RNA genome is prepared to initiate
transcription and translation immediately upon penetration
of the host cell nucleus [3], [4], [5], [6].
Due to its composition, host-range and this unsually direct
exploitation of host nuclear machinery, development of the
influenza virus must be, to some extent, dependent upon its
relationship to the physiology of specific eukaryotic nuclei.
Therefore, this analysis used novel algorithms[7], [8] to
analyze NCBI build 35.1 of the human genome and quantify
the genomic distance of 47,613 complete type A influenza
sequences categorized by segment, sero-type and host of isolation (among other useful parameters). We normalized the
resultant output for random sequence effect and GC-content
bias. Then we analyzed for significant host- and strainspecific effects. The results described below indicate that
the influenza virus exists in a state of continual adaptation to
the human host via adaptive mimicry of key host proteins or
nucleotide polymers, thereby having the evolutionary effect
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of enhancing evasion of host immunities and promoting
exploitation of host physiology.

Materials and Methods
Background Distance Algorithms and Data
Structures
This analysis quantifies the genomic distance of two sequences. Within this analysis, one sequence serves as a static,
non-mutable background, and the other serves as a dynamic,
mutable foreground. This manuscript describes the results of
a genomic distance analysis conducted using the Homo sapiens genome (NCBI Build 35.1) as the background and, as a
foreground, each of several thousand completely sequenced
type A influenza segments (ftp.ncbi.nih.gov, 6/8/2008). Regarding the latter collection, for a given segment (viral
chromosome) we selected as complete only those sequences
that were equal to or greater than a minimum length (data not
shown). Further, we performed the analysis for nucleotide
polymers (n-mers) ranging from 14 to 19 nucleotides long,
with up to eight in-silico insertions/deletions and/or substitution mutations. Preliminary results support the selection of
16-mer substitutions for more extensive investigation; therefore, the term ’n-mer’, unless otherwise indicated, refers to
nucleotide polymers of length 16, and the term ’mismatches’
refers to substitution edits, only. Finally, due to the short
length of the viral segments as compared to the human
genome, we selected 16mers to (naturally) limit mismatches
to a range of 0-3.
The analysis begins with initialization of the background
data structure. For computation of 16-mers, we used an array
of bits. The value of each bit represents presence (1) or
absence (0) of the indexing n-mer, and the length of the
array varies by n-mer length. For this analysis, the size of
the array equaled 4 16 bits. Each position within the array
is addressed by an n-mer treated as a base-4 integer. Thus,
binary ’00’ (decimal: 0) represents A, ’01’ (decimal: one)
represents T, ’10’ (decimal: two) represents G, and ’11’ (decimal: three) represents C. Within this implementation only
presence or absence (1/0) of background sequences is stored,
thereby reducing the amount of required memory. In fact,
the size of the array is primarily limited by computational
resources, usually that of memory. In this case, analysis of
16mers requires 4 16 bits of random access memory (RAM,
approximately 4 MB) for background storage, a range that
lies within the capacity of contemporary work stations.
Since each position within the background array is addressed by a numerical index, and since each n-mer is stored
in a binary format that directly translates to a numerical
value, each position within the array represents one unique
n-mer of the 4 n possible n-mers. By directly mapping
the individual n-mers to positions within such arrays, the
background distance computation proceeds rapidly through
both the background and foreground.

Once it allocates sufficient memory to contain the background array, the algorithm uses a sliding window of n
nucleotides to read through each background sequence, in
this case human chromosome sequences, to determine the
presence or absence of all possible n-mers contained therein.
Upon identifying an n-mer, the algorithm uses the n-mer’s
nucleotide composition as a numerical index to set the
appropriate presence bit to one within the background array.
A detailed count of additional identical n-mers is beyond the
scope of this manuscript, since we consider only presence
or absence of n-mers within the background.
After identifying each background n-mer, the algorithm
switches to reading individual foreground sequences. The
process of reading the foreground genomes is similar to
that of reading the background sequences, in that the same
encoding and indexing system is used to identify and store
the input. Unlike the background data structure, however,
the foreground data structure only stores two bits for each
nucleotide of the foreground sequence, such that the size
of the foreground array is much smaller than that of the
background array (N*2 bits, where N is the sequence
length). Each pair of bits stores the mismatch count for
the n-mer starting at that position within the foreground
sequence. Thus, linear foreground sequences contain N-(n1) possible n-mers, while the total number of n-mers within
circular sequences is simply N. Each foreground sequence
is first identified and then its composition is compared to
the background array to check for an exact match. If a
foreground n-mer at a particular location is found exactly
within the background, then the bits at that position in the
associated foreground array are marked ’00’ (decimal: 0).
Contrarily, if an exact match for the n-mer is NOT found
in the background, then the algorithm initiates subsequent
rounds of mismatch analysis, terminating this sub-routine
only after a mismatched n-mer is found in the background or
all possible combinations of the foreground n-mer have been
compared to the background array. The program analyzes
first for all possible single nucleotide edits (1MM) of the
foreground n-mer, proceeding to increasing numbers of edits
only when the edited foreground n-mer is still not found
in the background. In this manner, each position of the
foreground array records the number of mutations required
to change the foreground n-mer at a specific location into
an identical background sequence found somewhere in the
host genome.
After identifying all n-mers within the background (human host) and after identifying, mutating and comparing
to it all n-mers within the foreground (individual influenza
sequences), the algorithm outputs a simple count of mismatches (or nucleotide edits) for each position of each
foreground sequence. One row of output is produced for each
n-mer length analyzed. The output file format consists of
two character-based header lines followed by rows of binary
output that use two bits to count edits for each nucleotide
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position within the foreground sequence.

Genomic Distance Metric
Once completed, we collected the output of the background distance analysis (47,613 individual backgrounddistance-set [*.bgd] files) into a folder for continued investigation. Each file contained the total number of nucleotide
edits required to change each foreground n-mer into an
identical background n-mer for each n-mer length (14-19)
and sequence analyzed. We then calculated genomic distance
for each foreground sequence using the formula described
below. (GD represents Genomic Distance, N represents sequence length, and MM represents mismatch, such that 1MM
refers to the number of n-mers requiring one nucleotide edit
and 2MM refers to the number requiring two nucleotide
edits, and etc...).
GD =

1M M + (2 ∗ 2M M ) + (3 ∗ 3M M )
N

Normalization for Randomized Sequence Effect
and GC-Content Bias
To correct for random sequence effect and the bias of
GC-content in our output, we normalized our results by
calculating the ratio below.
GDRaw
GDRandomized
Here, GDN ormalized represents the normalized output of
the function, GD Biological represents the biological genomic
distance value, and GD Randomized represents the mean
genomic distance of a randomized sequence set with a nucleotide composition ratio equivalent to that of the biological
sample.
To produce the latter value, we created 10 files containing randomized sequences with specific GC-content ratios
(ranged from 0.10 to 0.90 by steps of 0.01), and then we
calculated the genomic distance of each using the same
protocol described above with the human genome as a static,
non-mutable background and the randomized GC-equivalent
sequences as a dynamic, mutable foreground. Dividing by
the number of files in each category, we derived a mean
genomic distance that represents the purely randomized
average case with equivalent GC bias. We then compared
these values to biological values, producing the normalized
ratio above. This data is presented within the chapters that
follow.
GDN ormalized =

Host and Sero-Type Effect Analysis
Using the normalized output previously described, we
performed a mean analysis of specific cohorts within the influenza data set using the statistical software, R (http://cran.rproject.org/, version 2.7.0). Primarily, we selected and analyzed sequences isolated from major hosts of the disease
including the avian, human and swine hosts. Additionally,

we selected and analyzed for major sero-types of the disease,
including H1N1, H2N2, H3N2, H5N1, H6N1, and H9N2.
Human-specific sero-types include H1N1 (source of the
1918 pandemic and the 1977 panic), H2N2 (source of the
1957 pandemic), and H3N2 (source of the 1968 pandemic).
Avian-specific sero-types include all sero-types (since avians
are the reservoir hosts), while H5N1, H6N1 and H9N2
are considered to be primarily avian-specific within this
manuscript. Collecting and averaging distances for these
cohorts by segment, we plotted and analyzed for significant
differences between means to reveal the presence of host- or
sero-type-specific effects on genomic distance, if any should
be present. Using ’R’, we analyzed for signficant differences
between cohort means at the 99% confidence interval with
standard t-test evalutations.

Results
Genomic Distance Analysis
nMer Size Effect
We expected the selected length of nucleotide polymers
(n-mers) to have some influence on output of the genomic
distance metric. To quantify this effect, we performed background distance analysis for values of n ranged from 14 to 18
using the afore described protocol with the human genome
serving as the analytical background and individual type
A influenza genomes serving as the foreground. Because
we also expected some variation to be attributable to the
sero-type and host of isolation, we selected appropriate
cohorts, calculating and plotting their mean normalized
genomic distances by segment using the statistical software
R (http://cran.r-project.org/, version 2.7.0) (Figure 1). Host
cohorts include all sequences attributed to a given segment
that were isolated from avian, human or swine hosts. Serotype cohorts include all sequences attributed to a given
segment that exhibit the sero-types H1N1, H2N2, H3N2,
H5N1, H6N1, and H9N2. Of these sero-types, the former
three are human-specific (or mammal-specific) strains and
the latter three are relatively more avian-specific.
Refering to Figure 1, the selected n-mer size clearly has an
effect. Genomic distances are consistently larger for longer
n-mers. This effect is sourced in the statistical nature of nucleotide polymers. Because each nucleotide position within a
polymer represents four possible nucleic acids (A, adenine;
T, thymine; G, guanine; and C, cytosine), the number of
possible sequence configurations grows exponentially at the
rate of n4 . As n-mer length increases, the probability that two
random sequences (or biological genomes) contain a given
n-mer decreases. This statistical property of n-mer length
has the effect of increasing normalized genomic distance as
the size of n grows.
Of greater importance to the analyses that follow, however,
is the consistent nature of the effect. While varying n-mer
size also varies the mean genomic distance for a given
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Fig. 1: nMer Size Effect: Mean Human-Blind Genomic Distance of Type A Influenza by n-mer Size and Segment for Major
Hosts and Sero-Types (Collected from the NCBI FTP Site [ftp.ncbi.nih.gov] as of 06/8/2008)

sample or cohort, this variation is consistent across segments,
therefore the effect is predominately a matter of magnitude.
Selection of 16-mers avoids the paradoxically low variation
of genomic distances apparent at longer n-mer lengths (n =
17-19), while at the same time avoiding the presence of two
few dissimilarities, as is apparent with smaller values of n
(n = 14 and 15). Selecting this n-mer size, then, provides the
best statistical resolution and normalization for the effect of
n-mer length.
Finally, we examined the various segment-associated patterns of mean distributions. Clearly, other effects beyond
that of segment and n-mer size can influence the genomic
distance of influenza sequences. As expected, sero-type and
host of isolation both have some effect on the distribution of
normalized mean genomic distances. In many cases, mean
differences between related cohorts vary significantly. In

other cases, the genomic distance of one cohort cannot be
distinguished from another.

Conclusion
Use of the genomic distance metric reveals signficant nmer-level relationships between the genomes of the influenza
parasite and its human host. Normalization to compensate
for random sequence effect and GC-content bias fails to
completely account for these analytically derived similarities
(or proximal genomic distances). Given the obligate nature
of influenza parasitism, the remaining variation (or lack
thereof) can only be attributed to continuing development
and adaptation within one or more hosts.
Analyses of various cohorts within the influenza data
set, including host-based cohorts (avian, human and swine)
and sero-type-based cohorts (H1N1, H2N2, H3N2, H5N1,
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H6N1 and H9N2), demonstrate host-specific and strainspecific influences on viral development. Due to the segmented, single-stranded nature of the influenza genome and
its associated capacity for reassortment and recombination,
these influences are not consistently applicable across all
viral segments. In fact, the influences of sero-type specificity and host specificity vary according to the functional
role (segment assignment) and viral placement (internal vs.
external) of individual (glyco)proteins.
The analyses contained within this manuscript demonstrate the efficiency and efficacy of novel computer programs developed within the Bioinformatics Laboratory of
the University of Houston. The primary contribution of these
algorithms to the resolution of evolutionary questions is
their capacity to quantify the n-mer-level relationship of one
genome (or nucleotide sequence) to another. We compared
an extensive sample set for a major human pathogen at
unprecedented scale and resolution to produce an n-mer-level
investigation of evolutionary co-development between two
species. Supported by the nature of the influenza genomic
library, this analysis examined mean differences between
function-specific, host-specific, and strain-specific cohorts of
a key human pathogen, thereby demonstrating the nature and
degree of continual adaptation that exists between a parasite
and its host(s).
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An Estimate of the Mutation Rates of the
Active Sites of Influenza A/H5N1 Neuraminidases
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Abstract
Given the lead-time currently required for vaccine production, a widespread administration of effective antiinfluenza therapeutics is the only practical defense against a 1918-scale influenza pandemic after the pandemic
begins. The most widely used anti-influenza therapeutic, oseltamivir (Tamiflu) , has exhibited less than 50%
effectiveness against Influenza A/H5N1("avian" flu) in the field. The rational design of new neuraminidase
inhibitors must address the stability of their active sites. Here I show that there are no conserved regions in the
H5N1 neuraminidases, and that, to order of magnitude, on average at least 0.1 residue in the active site mutates per
year. If to-be-developed therapeutically viable neuraminidase inhibitors are, like their predecessors, highly
sensitive to the characteristics of the site of drug action, the neuraminidase mutation rate strongly constrains the
rate at which new neuraminidase inhibitors will have to be discovered and deployed if they are to be effective in
Influenza A/H5N1 pandemic management.

Keywords: Influenza A, H5N1, neuraminidase

1.0 Introduction
The mortality rate in humans infected with Influenza
A/H1N1 in the 1918 pandemic was ~50% ([20]).
The 1918 mutant(s), unlike any genotype of H1N1
observed since, was easily transmitted and killed
~10% of the world population within a single sixmonth period ([20]).
Influenza A/H5N1 ("avian" flu) has many
similarities to the 1918 H1N1 genotype; ~10
mutations would be sufficient to render H5N1 as
infectious and lethal as the 1918 H1N1 mutant. At
present, no plausible public health regime could
control an outbreak of a high-mortality-rate, highly
infectious (HMR/HI) H5N1 mutant. The scale of
human interaction required to sustain food and fuel
distribution to urban areas would render quarantine
ineffective ([21]). Currently, the lead time for
vaccine development and production is at least as
long as the duration of the 1918 pandemic. A
widespread administration of effective anti-influenza
therapeutics is therefore the only practical defense
against a 1918-scale event after the pandemic begins.

The most widely used anti-influenza therapeutic,
oseltamivir (Tamiflu, [16]), has been at most 50%
effective against A/H5N1 in vitro ([3]-[8]).
A practical path to management of a HMR/HI
influenza mutant may lie in inhibiting the activity of
the virus's neuraminidases -- ~400-mer coat
glycoproteins that remove sialic acid from virus and
cellular glycoproteins to facilitate virus release and
the spread of infection to new cells ([7]).
Influenza type A is divided into nine sero-subtypes,
and these subtypes correspond at least roughly to
differences in the active-site structures of the
corresponding neuraminidases. The subtypes fall into
two groups ([22]): group-1 contains the subtypes N1,
N4, N5 and N8, whereas group-2 contains the
subtypes N2, N3, N6, N7 and N9. Oseltamivir was
designed to target the group-2 neuraminidases.
The known molecular structures of the
neuraminidases broadly reinforce (but are not strictly
isomorphic to) this sero-taxonomic characterization.
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The (few) available crystal structures of the group-1
N1, N4 and N8 neuraminidases ([2]) reveal that the
active sites of these enzymes have a very different
three-dimensional structure from that of group-2
enzymes. The differences lie in a loop of amino acids
known as the "150-loop", which in the group-1
neuraminidases has a conformation that opens a
cavity not present in the group-2 neuraminidases. The
150-loop contains an amino acid designated Asp 151;
the side chain of this amino acid has a carboxylic
acid that, in group-1 enzymes, points away from the
active site as a result of the 'open' conformation of the
150-loop. The side chain of another active-site amino
acid, Glu 119, also has a different conformation in
group-1 enzymes compared with the group-2
neuraminidases ([23]).

target will not necessarily have the same activity
against another with the same active-site amino acids.

The Asp 151 and Glu 119 amino-acid side chains
form critical interactions with neuraminidase
inhibitors. For neuraminidase subtypes with the
“open conformation” 150-loop, the side chains of
these amino acids might not have the precise
alignment required to bind inhibitors tightly ([23]).

The resulting file was sorted, clustered, reconverted
to FASTA format, and multiply aligned under uclust
([24]), using the software defaults. A Shannon
information entropy ([26]; [27], p. 500) analysis was
performed on the aligned file using the BioEdit
sequence editor ([25]; see Figure 1). The entropies
were imported to Excel, graphed (see Figure 2) as an
Excel Line Chart, and the resulting plot was
inspected for the presence of conserved regions (zero
entropy).

The difference in the active-site conformations of the
two groups of neuraminidases may also be caused by
differences in amino acids that lie outside the active
site. This means that an enzyme inhibitor for one

A key to rational neuraminidase-inhibitor design is
estimating the mutation rate of the molecule, and
more specifically, its active site.

2.0 Method
2163 Influenza A/H5N1 neuraminidase (A/H5N1-n)encoding segments, each containing at least 1000
base-pairs (bp), were extracted from the Influenza
Research Database ([14]) on 20 March 2010 in
FASTA format.

______________________________________________________________________________
Open (aligned file)  Edit  Select All Sequences 
Sequence  Toggle Translation  Alignment  Entropy Plot 
File  Save As (saved entropy data)
Figure 1. BioEdit navigation sequence used to produce the entropy plot in this study.
_____________________________________________________________________________________________

The BioEdit function "Find Conserved Regions" was
used to cross-check the entropy analysis.

The average mutation rate of a position (residue) in
the H5N1 neuraminidases was estimated by
assuming:
A1. It is equally probable that any residue (amide)
in an A/H5N1_n will mutate. (This is a working
hypothesis that can be refined with empirical
evidence from the residue-level mutation-rate map of
the molecule ([10]). See (A6) for such a refinement.)

A2. An A/H5N1_n contains ~400 residues
([9],[13],[14]).
A3. There are ~2100 distinct A/H5N1_n-encoding
segments in [14]. ([9])
A4. At least one of the differences between any
pair of segments in [14] has evolved in the last 100
years. (There is abundant clinical evidence over the
last 25 years that at least one new genotype of an
epidemically significant flu strain evolves per year.)
A5. The active site of an A/H5N1_n contains ~20
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residues ([2]). (How to define the active site is partly
a matter of convention. Steric and electrostatic
considerations strongly constrain the population of
the active site to 10-40 residues ([2],[19]). As a
working hypothesis, I assume the active site to be the
volume included in a surface that lies 10 Å from the
molecular surface ([1]) of oseltamivir in PDB 2HU4
(an A/H5N1_N complexed with oseltamivir; [2]).)
A6. ~0.9 of the residues in the A/H5N1_n active
sites have been conserved over the last 100 years.
(This assumption may overestimate the conservation
rate by a rough factor of two.)

3.0 Results
Figure 2 shows that none of the 489 aligned residues
in the H5N1 cohort in [14] are conserved (have zero
entropy). The BioEdit/Find Conserved Regions
cross-check described in Section 2.0 corroborates this
result.
It follows from:
P1. (A1)-(A4) that on average, at least ~0.1
mutation per residue per year mutates in an
A/H5N1_n.

______________________________________________________________________________

Figure 2. Shannon information entropies of the H5N1_n segments in [14].

______________________________________________________________________________

P2. (P1), (A5), and (A6) that on average, at least
~0.1 residue in an A/H5N1_n active site mutates per
year.
By the principle of indifference ([11], p. 65), half of
the chemically plausible variations in the A/H5N1_n

active sites will reduce the inhibition rate (IC50) of
oseltamivir below that of the inhibition rate of
oseltamivir against A/H5N1, rendering the drug
ineffective in the field. (This distribution is
consonant with in vitro surveys of oseltamivir

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

effectiveness against a wide range of flu subtypes
([3]-[8]).)

assume that the pharmaceutical industry responds
rapidly to market forces, it is clear that the current
market does not encourage such an investment rate.

If we further assume that:
A7. For the last 30 years, the deployment rate for
new flu neuraminidase therapeutics has been ~0.1
/year ([15]-[17]).
A8. New A/H5N1_n-active-site-specific
therapeutics will be sensitive to the specific
composition and conformation of the active site (all
current A/H5N1_n-active-site-specific therapeutics
show this sensitivity; [3]-[8]).
A9. To respond effectively, new therapeutics will
have to be developed deployed at ~5 times the rate at
which new A/H5N1_n genotypes emerge.
then it follows from
P4. (P2), (P3), (A8), and (A9) that to effectively
respond to the A/H5N1_n active site mutation rate,
the drug industry would have to bring to full
production ~0.5 new A/H5N1_n -active-site-specific
therapeutics per year.
P5. (A7) and (P4) that an attempt to control an
influenza pandemic with an A/H5N1_n-active-sitespecific therapeutic developed under the current US
R&D regime will likely fail within 1-5 years after the
first deployment of a therapeutic.

4.0 Discussion
1. The pharmaceutical industry might
discover a therapeutic that is broadly effective against
the conserved regions of the A/H5N1_n active sites.
It has not done so in 30 years at actual R&D
investment rates. However, it should be noted that a
discovery rate of 0.1/year (A7) for 30 years yields 3
new drugs, and is thus subject to the uncertainties of
the statistics of small samples.
2. The rate of mutation of the A/H5N1_n
neuraminidase active sites might decline by an order
of magnitude or more. All the evidence over the last
50 years is to the contrary ([14]).
3. The R&D investment rate of the
pharmaceutical companies in A/H5N1_n inhibitors
might be increased an order of magnitude, on the
(questionable) theory that the deployment rate of new
therapeutics is at least linear in investment rate. If we

On average, a new therapeutic costs ~$1B distributed
over ~10 years to develop and deploy ([15]), of
which ~$0.5B/drug must be committed to proof-ofsafety ([15]). There are currently ~10 pharmaceutical
companies actively pursuing A/H5N1_n inhibitor
research. The funding for an order-of-magnitude
increase in the R&D investment rate in A/H5N1_ninhibitors will likely have to come from non-industry
sources, at the rate of ~$10B/year.
4. These results are generalizable to any
therapeutic regime associated with a target (e.g., flu
hemagglutinins, various regions of the HIV-1
genome) that has a mutation rate at least as large as
that of an A/H5N1_n and a therapeutic discovery rate
that lags the mutation rate.
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Abstract
Given the lead-time currently required for vaccine production, a widespread administration of effective
anti-influenza therapeutics is the only practical defense against a 1918-scale influenza pandemic after the
pandemic begins. The most widely used anti-influenza therapeutic, oseltamivir (Tamiflu) was ineffective
against Influenza A/H1N1 in the 2008-2009 flu season, and decreasingly effective against A/H1N1 (the
dominant strain) in the 2009 "Spring/Summer" influenza pandemic. Phylogenetic comparisons of the
genomic encoding of the neuraminidases might, by translational proxy, provide insight into oseltamivir
effectiveness; some phylogenetic methods, furthermore, are computationally inexpensive. Here, I describe
a Bayesian phylogenetic analysis of ~3500 influenza A/H1N1 neuraminidase-encoding (NA) segments.
When compared with the results of whole-genome studies of A/H1N1, the analysis suggests that the
evolution of the A/H1N1 neuraminidases broadly reflects the evolution of the A/H1N1 as a whole.
Keywords: Influenza, H1N1, Bayesian phylogenetic, pandemic

1.0 Introduction
The mortality rate in humans infected with
Influenza A/H1N1 in the 1918 pandemic was
~50% ([5]). The 1918 mutant(s), unlike any
genotype of H1N1 observed since, was easily
transmitted among humans and killed ~10% of
the world population within a single six-month
period ([5]).
At present, no plausible public health regime
could control an outbreak of a high-mortalityrate, highly infectious (HMR/HI) H1N1 mutant.
The scale of human interaction required to
sustain food and fuel distribution to urban areas
would render quarantine ineffective ([18]).
Currently, the lead time for vaccine development
and production is at least as long as the duration
of the 1918 pandemic. A widespread
administration of effective anti-influenza
therapeutics is therefore the only practical
defense against a 1918-scale event after the
pandemic begins.
The most widely used anti-influenza therapeutic,
oseltamivir (Tamiflu, [13]), was decreasingly

effecting against the dominant influenza mutant
(Influenza A/H1N1) in the US in the 2009
"Spring/Fall" pandemic ([22]).
A practical path to management of a HMR/HI
influenza mutant may lie in inhibiting the
activity of the virus's neuraminidases -- ~400mer coat glycoproteins that remove sialic acid
from virus and cellular glycoproteins to facilitate
virus release and the spread of infection to new
cells ([13]).
Influenza type A is divided into nine serosubtypes, and these subtypes correspond at least
roughly to differences in the active-site
structures of the corresponding neuraminidases.
The subtypes fall into two groups ([6]): group-1
contains the subtypes N1, N4, N5 and N8,
whereas group-2 contains the subtypes N2, N3,
N6, N7 and N9. Oseltamivir was designed to
target the group-2 neuraminidases.
The known molecular structures of the
neuraminidases broadly reinforce (but are not
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strictly isomorphic to) this sero-taxonomic
characterization. The available crystal structures
of the group-1 N1, N4 and N8 neuraminidases
([1]) reveal that the active sites of these enzymes
have a very different three-dimensional structure
from that of group-2 enzymes. The differences
lie in a loop of amino acids known as the "150loop", which in the group-1 neuraminidases has a
conformation that opens a cavity not present in
the group-2 neuraminidases. The 150-loop
contains an amino acid designated Asp 151; the
side chain of this amino acid has a carboxylic
acid that, in group-1 enzymes, points away from
the active site as a result of the 'open'
conformation of the 150-loop. The side chain of
another active-site amino acid, Glu 119, also has
a different conformation in group-1 enzymes
compared with the group-2 neuraminidases
([28]).
The Asp 151 and Glu 119 amino-acid side chains
form critical interactions with neuraminidase
inhibitors. For neuraminidase subtypes with the
“open conformation” 150-loop, the side chains of
these amino acids might not have the precise
alignment required to bind inhibitors tightly
([28]).
The difference in the active-site conformations
of the two groups of neuraminidases may also
be caused by differences in amino acids that lie
outside the active site. This means that an
enzyme inhibitor for one target will not
necessarily have the same activity against
another with the same active-site amino acids
and the same overall three-dimensional structure
([28]).
In situ, neuraminidases reside in a highly
heterogeneous environment: one part of the
molecule accessible to hydration ; the rest is
embedded in the proteinaceous viral coat.
Preliminary MD studies of the conformation of
the active sites, furthermore, suggest that the
conformation of the H1N1 neuraminidase active
sites is highly sensitive to the solvation of the
enzyme surface as a whole, perhaps because the
molecule may be able to transmit solvation
forces internally over relatively long ranges due
to the rigidity induced by disulfide bridges
distributed throughout the molecular volume
([29]).
A first-principles theory of neuraminidaseinhibitor effectiveness against future flu mutants
is highly desirable but currently beyond the state

of the art. First-principles computational
methods such as molecular dynamics (MD;
[2],[8]) could provide insight into relevant drugsite free-energetics, but such methods are often
computationally expensive and in the case of the
neuraminidases, would require an initial, realistic
specification of the in situ environment.
Relatively few H1N1 neuraminidase structures
are available at present ([3], [16]), and none
address the effect of the molecules' environment
on their active sites. In contrast, phylogenetic
comparisons of the genomic encoding of the
neuraminidases might, by translational proxy,
provide insight into oseltamivir effectiveness;
some phylogenetic methods, furthermore, are
computationally inexpensive. Over 3500
neuraminidase-encoding (NA) segments of the
viral genomes are available for A/H1N1 ([19]).

2.0 Method
The general method of this study has three steps:
extracting H1N1 segments from a sequence
database, aligning the resulting segments, and
applying a Baysian phylogenetic analysis ([23])
to the aligned segments. Details follow.
Because typical influenza neuraminidases are
~400-mers, ~1200 base-pairs (bp, 3 bp per mer)
are required to encode them in the viral genome.
Influenza A/H1N1 neuraminidase-encoding
(“NA” ) segments with length of 1000 bp or
greater were extracted in FASTA format ([4])
from the BioHealthBase database ([19]) on 22
December 2009 at approximately 0800 US
Mountain Time, for all host species and all
accession-dates in that database. (Only ~ 10%
of the Influenza A/ H1N1 neuraminidase
segments in [19] are shorter than 1000 bp.) The
resulting cohorts were then fully and multiply
aligned using the CLUSTALW software with all
parameters defaulted ([17], [20]).
The first and last lines in the CLULSTALWgenerated alignment (“.aln”) file were deleted
under Word 2000 and the non-deleted content
saved as Plain Text to create a file readable by
the BioEdit sequence editor ([21]). The resulting
file was informally inspected using BioEdit for
evident pathologies (such as long sequences of
alternating missing-character (“-“) and definitecharacter symbols), and for plausible alignment
of the encoding regions for the neuraminidase
active sites.
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The file from the previous step was then edited
in Word 2000 to create a MrBayes ([7], [15],
[23], [27]) script. This editing:


deleted “gb_” and
“Organism_Influenza” (taxon-naming
artifacts that were created by
CLUSTALW)



deleted lines containing asterisks



inserted MrBayes definitions and
commands

The template of the resulting MrBayes script is
shown in Figure 1.

______________________________________________________________________________________
#NEXUS
begin data;
dimensions ntax=3835 nchar=1595;
format datatype=dna gap=- missing=? interleave=Yes;
matrix
[NEXUS-interleaved data matrix here (not shown)]
;
end;
begin mrbayes;
log start filename=H1N1.log replace;
set autoclose=yes;
mcmcp nruns=2 ngen=1000000 printfreq=100
samplefreq=100 nchains=4 savebrlens=yes filename=H1N1;
mcmc;
plot filename=H1N1.run1.p;
plot filename=H1N1.run2.p;
[
burnin parameter in sumt command should be set at
tree-count equal to or greater than the
tree-count corresponding to a stable logL value;
preliminary calculations determined this value
should be 6000 (trees discarded)
]
sumt filename=H1N1 burnin=6000 contype=halfcompat;
log stop;
end;

Figure 1. MrBayes script ([25]) used in this study. "nruns=2" means "two complete runs per
program-invocation". "ngen=1000000" means "run for 1,000,000 generations". "sampfreq=100"
means "sample every 100 generations" (thus generating 1000000/100 = 10000 trees per tree file (one
file per "run")). "contype=halfcompat" means "non-strict tree-consensus". "mcmc" means
"Monte Carlo Markov Chain" ([31]). The meaning of the remaining parameters is documented in
[7] and [27]. All parameters not explicitly defined in this script were defaulted.
______________________________________________________________________________________
The segments in the resulting MrBayes summary
tree, T, were subsequently annotated with the
segment accession-year and host species name
(available from the original database query)

using the tagtree software ([34]), and the descent
of the segments suggested by T was compared
with the descent suggested by recent wholegenome phylogenetic studies of A/H1N1 ([30]).
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3.0 Results
The BioHealthBase query described in Section
2.0 took approximately 10 minutes (including
transmission time on a ~1.5-Mbit/s
communications link) to execute and yielded
3865 neuraminidase (NA)-encoding segments
with an average length of ~1200 bp/segment.
The CLUSTALW alignment reported in Section
2.0 took approximately 240 hours on a Dell
Inspiron 545 Intel Core2 Quad CPU Q8200 @
2.33 GHz with 8.0 GB memory under Windows
Vista Home Premium/SP2. The CLUSTALW
alignment quality scores (which can range from
0 to100, in increasing order of alignment quality)
reported in the CLUSTALW status output tended
to lie in the range 75-80, or 98-100, suggesting
that two relatively distinct cohorts were
differentiated at a high level in the phylogeny. A
cursory examination of the phylogenetic tree
produced by CLUSTALW also suggested a highlevel phylogenetic differentiation. The alignment
yielded 3835 aligned segments, each containing
1595 characters (including gap characters
generated during alignment). CLUSTALW
determined that 30 of the 3865, or approximately
0.008, of the segments obtained from
BioHealthBase were "not alignable". The
alignment increased the unaligned segment
length by ~300 bp, or ~25%, relative to the
average unaligned length.
The BioEdit-assisted inspection of the
CLUSTALW output (edited as indicated in
Section 2.0) revealed no obvious anomalies and
indicated good alignment of the neuraminidase
active-site encoding regions.
The MrBayes phylogenetic analysis described in
Section 2.0 took approximately 270 hours on the
computational platform described above. Test
executions of the script indicated that loglikelihood ("LnL") converged beginning at
~600,000 generations -- in this case
corresponding to 6000 trees. The MCMC
"burnin" parameter in the MrBayes "sumt"
command was accordingly set to 6000 for the
summary tree generation.
The average CPU utilization was ~25%, with
surges to ~55%. Two of the four cores in the
CPU appeared to be performing most of the
calculation. Memory utilization was constant at
about ~3.2 GB during the Monte Carlo sample-

generation phase and ~1.8 GB during the treeconsensus-determination phase. Each tree file
was ~925 MB and contained 10,000 trees.
The host-species-, and accession-year-,
annotated summary tree, T ([25]), has several
noteworthy features:
1. There is a high-level phylogenetic
differentiation in T of the data into two cohorts.
75% of one of these cohorts comes from human
hosts; the remainder, from non-human hosts
(primarily pigs). Approximately 25% of the
subtree that is predominantly from human hosts
is from pig hosts.
2. ~80% of subtrees at the lowest two
levels in T each are associated with a single host
species (e.g., with either human, or pig, or bird,
etc.), suggesting that the phylogenetic
derivation/evolution at this level is largely hostspecific.
3. There is a single segment in T with
accession-year 1918. This segment associates at
the next-to-lowest level in T with a segment in T
obtained from a pig host, consistent with the
received view of the origins of that pandemic
mutant line ([30]).
4. When compared with the results of
whole-genome studies of the evolution of
A/H1N1 ([30]), the results of the current study
suggest that the evolution of the A/H1N1
neuraminidases broadly reflects the evolution of
the A/H1N1 virus as a whole (assuming the
phylogenetic derivation shown in T and in [30]
approximates the actual order of descent ([33])).

4.0 Discussion
The method described in Section 2.0 and results
of Section 3.0 motivates at least six observations.
1. The agreement between the highlevel differentiation of the data in the MrBayes
summary tree, T, and the nominally
corresponding differentiation in the tree
produced by CLUSTALW, is poor. This is not
too surprising, because CLUSTALW uses a
progressive pairwise tree-building algorithm, and
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this class of algorithms is relatively susceptible
to localization pathologies.
2. The data in BioHealthBase likely
contains strong species and temporal biases (i.e.,
~50% of the segments are from recent human
samples). No effort was made in this study to
remove these biases. Future work will address
this issue.
3. The convergence of MCMC ([31])
under the conditions of this study was relatively
slow, occurring at about 600,000 (out of
1,000,000 total) generations. Future work will
assess the effect of higher sampling rates.
4. Future work will assess whether the
phylogenetic derivation active sites of the
neuraminidases examined in this study reflects
the derivation of the neuraminidases per se.
5. Computations on this scale would
likely execute to completion faster on parallel
computing platforms ([27], [32]) containing
~100 processing elements based on today's
commercial-off-the-shelf microprocessors.
6. The large sample size required to
achieve convergence in this study suggests that
this dataset might be useful in a comparative
assessment of the performance of other
phylogenetic methods, such as those based on
genetic algorithms ([26]), that are not explicitly
grounded in probability theory.
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Abstract
The Cyanobacterium Synechococcus sp. IU 625 (AN)
causes algal blooms in freshwater. Cyanophage AS-1,
infects Anacystis nidulans and Synechococcus
cedrorum, may be responsible for the disappearance of
cyanobacterial blooms and has been suggested as a
biocontrol agent. In this study, genomic libraries AN
and AS-1 were generated. The clones of AS-1 and AN
with high and no homology to any reported sequences
were selected for primer design. The designed primers
were tested for specificity among various cyanobacteria
and cyanophages. Our results suggest that AN
sequences designated ANsmt, AN35, and AN374, are
good general primers for cyanobacteria. Sequences of
AS1_0, AS1_3 and AS1_29 are general primers for
cyanophage. Sequences AS1_84 and AS1_M are unique
to AS-1. Thus, we demonstrate that our probes are
highly sensitive and specific to their targets, either
cyanobacteria or Cyanophage AS-1. They are likely
useful for the early detection and prediction of algal
blooms in freshwater environments.
Keywords: cyanobacteria, cyanophage, molecular
probe, Synechococcus, AS-1.

1

Introduction

Cyanobacteria, ubiquitous and abundant in both
freshwater and marine environments, affect primary
productivity and water quality, and have a profound
influence on global biogeochemical cycles [1, 2].
Cyanobacteria are also the organisms most often
responsible for algal blooms. Cyanobacterial blooms
impact aquatic biodiversity and disrupt the overall
functioning of the ecosystem [3]. Human health hazards
with respect to algal blooms arise either from acute
intoxication due to consumption of cyanobacterial
toxins in drinking water, or allergic reactions due to
exposure to cyanobacteria in recreational water. In
addition, it can cause cancer in human. [4-6] Species of
Anabaena, Anacystis, Cylindrospermopsis, Microcystis,

Nostoc and Synechococcus commonly cause blooms in
freshwater. Although there are some biological,
chemical, physical, and mechanical treatments available
[7], each treatment has its own restrictions and is not
cost effective. Therefore, early detection and prevention
of dense harmful algal blooms (HAB) are important
issues in water quality management. No satisfactory
means for their prediction or prevention are currently
available. Cyanophage, which are viruses that infect
cyanobacteria, can be found in numerous habitats,
including ocean and freshwater ecosystems.
Cyanophage levels are dynamic and are particularly
responsive to changes in cyanobacterial levels [8-10].
Cyanophage can serve as natural control agents and
may be responsible for the prevention and
disappearance of algal blooms. In fact, evidence
strongly suggests that cyanophage are responsible for
the disappearance of algal blooms caused by
Synechococcus sp. and Chrysochromulina sp. in the
Gulf of Mexico [11]. Similar proof has been illustrated
in Tampa Bay, Florida, Georgia coastal rivers and
Rhode Island’s coastal waters [12-14]. Therefore,
cyanophage may be used to control algal blooms
without the use of chemicals [15].
Techniques have only recently been developed to
rapidly detect cyanobacterial blooms. Early detection
may help prevent environmental damage and health
hazards, as well as reduces the cost of water treatment.
During a recent algal bloom in Daechung Reservoir,
Korea, intergenic spacer (IGS) region between
phycocyanin subunit genes cpcB and cpcA [16] has
been used. In addition, in Falls Lake, North Carolina
was surveyed by using cyanobacterial small subunit
ribosomal RNA genes (SSU) and nitrogenase genes
(nifH). PCR (polymerase chain reaction) was used to
detect the presence of genes involved in the production
of the cyanotoxins microcystin and cylindrospermopsin
from HAB forming organisms [17, 18]. However, only
several cyanobacteria cyanophage strains have been
completely sequenced, limited molecular tools currently
exist to study the interactions of cyanobacteria and
cyanophage and the dynamics of algal bloom formation.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Synechococcus sp. IU 625 (SIU 625), also named
Anacystis nidulans (AN), is one of the cyanobacteria
responsible for algal blooms. It serves as an excellent
model for the investigation of algal bloom dynamics
and preclusion [19]. Cyanophage AS-1 infects
cyanobacterium SIU 625 (AN) and Synechococcus
cedrorum may naturally control cyanobacterial blooms
[20]. Both AN and AS-1 have been suggested as
pollution indicators and thus are good candidates for
use as tools for early detection of algal blooms [21].
Neither has sequenced genomes. In this study, the
genomic libraries of Synechococcus sp. IU 625 (AN)
and AS-1 have been generated and characterized. The
comparative analyses of the obtained sequences have
also been carried out. We have used these sequences to
design general and specific primers for the detection for
cyanobacteria and cyanophage AS-1.

2
2.1

Materials and Methods
Obtain
genomic
sequences
of
freshwater cyanobacteria SIU 625
(AN) and cyanophage AS-1

Cyanobacteria SIU 625 (AN) has grown in
Mauro’s Modified Medium (3M) at pH 7.9 at ambient
temperature, with constant fluorescence light and
continuous gyratory agitation at 100 rpm. The
extraction of DNA from the exponentially growing AN
was according to Lee et. al. [22]. Cyanophage AS-1
was inoculated into the exponentially growing host
culture. After the culture was lysed, it was treated with
DNase and RNase using the protocols described by
Wilson’s group [23]. The viral lysate was centrifuged,
filtered and then ultra-centrifuged. The pellet was
resuspended and treated with Sarkosyl - 10% (w/v) to
break open the protein capsid. AS-1 DNA was then
isolated and purified. [24]. The DNA concentration and
purity assessed by UV spectroscopy. Shotgun libraries
of cyanobacteria and cyanophage have been constructed
using the Lambda Zap® II Predigested/ CIAP-Treated
vector ligated with EcoRI digested AN DNA or AS-1
DNA [25]. The recombinant clones (blue-white
selection) were then screened. Individual clones from
these libraries that contain inserts were isolated and
purified using the Qiagen Mini-Prep Kit. DNA samples
were sequenced using an ABI Prism 3130 Genetic
Analyzer. The nucleotide sequences were submitted to
the National Center for Biotechnology Information
(NCBI) for BLAST searches against various databases.
Completed sequence data obtained were then deposited
in GenBank.

2.2

Examine comparative genomics of

cyanobacteria SIU 625 (AN) and
cyanophage AS-1
The sequences obtained from cyanobacteria SIU
625 (AN) and cyanophage AS-1 were first sent to
GenBank for VecScreen search to identify and remove
the pBluescript SK (+/-) vector sequences. EcoRI
restriction enzyme cleavage sites (GAATTC) were
identified and Blast2 was performed to validate the
final sequences fragments of inserts. BlastN and BlastX
searches of the sequences obtained were then carried
out.

2.3

Develop
specific
and
general
environmental primers for freshwater
cyanobacteria and cyanophage

The results obtained from the comparative
genomic analyses of the cyanobacteria and their virus cyanophage were used to design the primers. The
clones that had no homology to any reported sequences
from BlastN and BlastX searches were selected as
candidates for unique primers that are specific for
cyanobacteria AN or cyanophage AS-1. The clones that
had high homology to the reported sequences from the
BlastN and BlastX searches were screened and used as
sources to design general primers for common
cyanobacteria and cyanophage detection. Forward and
reverse primers were designed to amplify the AS-1
DNA and AN DNA sequences of interest.
OligoPerfectTM Designer was used to design the primers
from these sequences. These potential primers were
then used in a PCR (polymerase Chain Reaction)-based
assay with ABI VeritiTM 96-Well Fast Thermal Cycler.
Sizes of the PCR products were estimated by
electrophoresis on a 0.8% agarose gel with TAE buffer.

3
3.1

Results and Discussion
Genome sequence of cyanobacteria
SIU 625 (AN) and cyanophage AS-1

Shotgun libraries of cyanobacteria and of
cyanophage have been constructed using the Lambda
Zap® II vector system [25]. From the library of AN,
sixty clones have been isolated, characterized and
sequenced. Among these, 32 clones with 30,620 bp of
AN have been completely sequenced with forward and
reverse overlap. The remaining 28 clones have only
forward and reverse sequence without overlapping. A
total of 80 kb has been sequenced out of 2.4-2.7 x 103
kb of AN genome. Two important operons,
metallothionein and phycocyanin have been completely
sequenced [26, 27]. FromAS-1 genome project, 912
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clones were isolated and have been characterized with
the size of inserts ranging from 100 bp to 1,020 bp.
From the sequencing of these library clones, 66 contigs
were obtained from the initial assembling of the input
clones composing a total of 92,747 bp. The sequences
of these 66 contigs were submitted to and have been
published by NCBI with the accession numbers:
[GenBank:
DQ115807–DQ115872].
CodonCode
Aligner software was used to assemble the contigs.
Eleven supercontigs, ranging from 2,072 to 15,228 bp,
were obtained with two contigs remaining unassembled.
A total of length of 65 kb has been generated out of
initially estimated 90 kb of AS-1 genome.

3.2

Comparative genomic analysis of
cyanobacteria SIU 625 (AN) and
cyanophage AS-1
AN clone #
AN35

AN374

ANsmt

BlastN and BlastX searches were carried out for
Cyanobacteria AN sequences. Clones with high
homology to any reported sequences were selected for
primer design. The top matches of both BlastN and
BlastX results; the percentages of identity; and the E
values of selected sequences from AN are summarized
in table 1.
BlastX search for Cyanophage AS-1 against
reported protein sequences in NCBI have been
performed. Clones with high homology or no homology
to any reported sequences were selected for primer
design. The top match of and BlastX results, the
percentages of identity and E value of selected
sequences from AS-1 is summarized in Table 2.

Blast result
BlastN: PacS, dehydrogenase subunit-like protein
[Synechococcus sp. PCC 7942]
BlastX: hypothetical protein Synpcc7942_1580
[Synechococcus elongatus sp. PCC 7942]

% identity
99%
(222/223)
94%
(66/70)

E value
1e-117

BlastN: Synechococcus elongatus sp. PCC 7942,
complete genome
BlastX: HAD-superfamily hydrolase subfamily IIB
[Synechococcus elongatus sp. PCC 7942]
Conserved hypothetical protein
[Synechococcus elongatus sp. PCC 7942]

100%
(1066/1066)
100%
(147/147)
100%
(145/145)

0.0

BlastN: Synechococcus elongatus sp. PCC 7942,
complete genome
BlastX: SmtB gene
[Synechococcus elongatus sp. PCC 7942]
SmtA metallothionein
[Synechococcus elongatus sp. PCC 7942]

100%
(666/666)
100%
(122/122)
100%
(21/21)

6e-21

2e-68
5e-57
0.0
9e-55
4e-21

Table 1. Blast results of AN clones with high homology.
AS1 clone #
AS1_0
AS1_3
AS1_29

BlastX result
Integrase catalytic subunit
Putative phage integrase
Single-strand DNA-binding protein

% identity
81% (232/283)
74% (124/166)
99% (126/127)

E value
6e-136
1e-60
1e-69

Table 2. BlastX results of AS-1 clones with high homology.

3.3

Primer design for cyanobacteria SIU
625 (AN) and cyanophage AS-1

From the results of the comparative genomic
analyses, general and specific PCR primers have been
designed for the detection of freshwater cyanobacteria
and cyanophage. The results are shown as follows:

3.3.1

Primers designed from SIU 625 (AN)
Some clones have high similarity to the reported
DNA or protein sequences of cyanobacteria are
potential sources of general primer design. Clones
AN35, AN374 and ANsmt were used to design general
primers for detecting the presence of cyanobacteria.
These primers were used for PCR-based assay to amply
AN DNA. The sizes of the primers range from 17 to 24
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bp. The name and size of the clones, products’ size of
amplification, primer sequences, their size and melting
temperature – Tm (oC) are listed in Table 3.
Amplification of AN DNA with AN35 primers
resulted in the production of a single band that was
Name
AN35
(911 bp)
AN374
(1,235 bp)
ANsmt
(676 bp)

Product size (bp)
629
485
654
313
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slightly larger than the 500 bp marker (lane 2) on the
agarose gel. This result suggested that the primers
successfully amplified the expected 629 bp region
(figure 1a). Forward and reverse primers designed from
clone AN374 clone were used to amplify AN DNA.

Primers designed
F: TCGAATCATTGGGCACC (17)
R: TGCAACTGCTGATTTACTCG (20)
F: GAAGCCTTAAAACACTATCG (20)
R: GAGGCTATAGTGGCAAGTAA (20)
ANsmt1F: GGTGCATCTCTAGCGACACT (20)
ANsmt2F: TTGGCAGACTACCGTCTCTC (20)
ANsmt1R: GGGATTAGCAGGGAAACAGT (20)

Tm (°C)
52
58
52
52
58
58
58

Table 3. Primer sequences for SIU 625 (AN).
Agarose gel electrophoresis of PCR product
revealed a band of approximately 500 bp (Figure 1b).
The size correlates with the expected size (485 bp) of

the primed region. The result suggested that primers
from AN35 and AN374 are potential candidates for
detecting cyanobacteria in the environment.

Figure 1. PCR-based assay for general primers designed from AN35, AN374 and ANsmt.
The MT from AN (ANsmt) has been identified
from a clone with the insert size of 676 bp. ANsmt1F
and ANsmt1R primers were used to amplify the entire
ANsmt sequence (both ANsmtA and ANsmtB genes
and the 100 bp non-coding region between them) which
is 676 bp long. ANsmt2F and ANsmt1R were used to
amplify a region that contains the ANsmtA gene.
Figure 1c clearly indicates two different bands that
result from amplification of AN DNA with the two
different sets of primers. AN DNA amplified with
ANsmt2F and ANsmt1R, showing a band of
approximately 300 bp. And AN DNA amplified with
ANsmt1F and ANsmt1R, showing a band of
approximately 650 bp which correlates well with the
696 bp ANsmt region. The primers have potential to
detect cyanobacteria in environments contaminated
with heavy metals.
3.3.2

Primers designed from cyanophage AS-1
Several primers have been designed for the
detection of AS-1. Clones with high similarity (74% to
99%) to reported protein sequences of cyanophage in
GenBank were used to design PCR primers. Other
clones having no significant homology to any reported

sequences can be prospective candidates for AS-1
specific primers. The sizes of the primers range
between 17 and 24 bp. The name and sizes of the clones,
products’ size of amplification, primer sequences, their
size and melting temperature – Tm (C) are listed in
Table 4.
Six sets of primers designed from AS1_0, AS1_3
and AS1_29 sequences were used as general primers
since their inserts have high similarity to reported
sequences (Table 2). PCR results of these primers using
AS-1 genomic DNA as the target are shown in figure 2.
The gel indicates AS1_0 (lane 2 and lane 3) primers
generate single products that are approximately 500bp
and 700 bp in size respectively. AS1_3 primers
generate products with the size of about 850 bp and 800
bp respectively. AS1_29 primers generate products
with the size of 450 bp and 500 bp respectively. The
products from all the primers match with expected size
for priming. As a result, these primers are great
candidates for cyanophage detection in general.
Additional clones have been selected for the detection
specifically of AS-1. Clone AS1_M and clone AS1_84
contain insert size of 369 bp and 1,299 bp, respectively.
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Both of them have no similarities to any reported
sequences from the BlastN and BlastX analyses. The
forward and reverse primers designed from AS-1M and
AS1_84 were able to amplify AS-1 DNA. The gel
indicates that AS1_M primers generate a single product

with approximately 400 bp and the primers of AS-84
are able to properly amplify AS-1 DNA with the
fragment size about 1,000 bp (Figure 3). These two
sets of primers can be further tested for possible
detection of AS-1 in the environment.

Name

Product size (bp)

1

AS1_0
(2,782 bp)

1F/1R: 493
2F/1R: 735

1

1F/1R: 849
2F/2R: 790

1F: GAGCACGGCGTGAGGCAAGT (20)
1R: GCCGTTGCTGATCGGGTGCT (20)
2F: TGGCGGCCTGGACCTCTACC (20)
2R: CACGCCAGAGGGCTTGTGGG (20)

62
62
62
62

1F/1R: 405
2F/2R: 540

1F: TGGAACTCTGTGGACGACCTT (21)
1R: TGCTTCGCCTGAACGTCTACTT (22)
2F: AACCGATGTTGCCCTCGCCG (20)
2R: GCGCTGGAACAGGCGGACTT (20)

60
62
63
62

F: TGATATCGAATTCGTTGTGTCG (22)
R: AACGTGGATGACGAAGAAGG (20)
F: TCTTTAAGCTTCAACATCCT (20)
R: CCTGGTGTAAACGAGTAGAT (20)

61
60
52
52

AS1_3
(2,438 bp)

1

AS1_29
(1,497 bp)
2

AS1_M
(718 bp)
2
AS1_84
(1,299 bp)

369
987

Primers designed
1F: ACCGACATCACCTATATCCGCA (22)
1R: AGCTTTCCGTAGACACTCAGGT (22)
2F: TCATCAAGCATCACTGGCTCGC (22)

Tm(C)
62
58
62

Table 4. AS-1 primer sequences: 1general primers and 2specific primers.

1:
2:
3:
4:
5:
6:
7:
8:

1kb ladder
AS1_0_1F+1R
AS1_0_2F+1R
AS1_3_1F+1R
AS1_3_2F+2R
AS1_29_1F+1R
AS1_29_2F+2R
Negative control

Figure 2. General primers for AS-1.

1: 1kb ladder
2: AS1_M
3: AS1_84
Figure 3. PCR products from the specific primers
designed from AS1_M and AS1_84.

In summary, AN35, AN374 and ANsmt are
potential candidates for general primers to detect the
presence of freshwater cyanobacteria. Moreover,
ANsmt primers are excellent candidates especially for
targeting microorganism in heavy metal polluted
environments. Potential common primers created from
AS1_0, AS1_3 and AS1_29 are able to detect general
cyanophage. Primers designed from AS1_M and
AS1_84 can detect specifically freshwater cyanophage
AS-1. In order to assure that the primers are able to
probe the AN cells and AS-1, further experiments have
to be carried out using the designed primers to probe
AN cultures, AS-1 lysates. After primers selection and
validation, the developed primers should be tested in
different environmental samples. We envision the
design of primers for use in multiplex PCR
amplification strategies to simultaneously detect and
monitor the presence of AN and AS-1; AN and other
cyanobacteria; and AS-1 and other cyanophage in
environmental samples. Multiplex PCR amplification
should be developed and provide a single PCR assay
using several primer sets to detect more than one DNA
region of interest at a time. The ultimate goal for the
primer development is to detect the presence of
cyanobacteria and cyanophage early to prevent algal
blooms.
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Abstract - In the post-genomic era when scientists can
sequence the genomes of many organisms, one of the biggest
challenges is the correct identification of promoter regions,
which is essential for the understanding of gene regulation.
Since wet-lab promoter prediction techniques are timeconsuming and expensive, in silico methods have been used
to facilitate the process. Most of these traditional
computational methods are based on motif searching, which
is insufficient to predict promoters at a high level. To
compensate for this shortcoming, DNA structural properties,
such as curvature, stacking energy and stress-induced duplex
destabilization (SIDD), have been studied. In this report we
show how the stress-induced duplex destabilization property
is used to identify promoter regions in the newly sequenced
genome of Halothiobacillus neapolitanus c2.
Keywords: Halothiobacillus
promoter, prediction

1

neapolitanus

c2,

SIDD,

Introduction

H. neapolitanus is an aerobic, sulfur bacterium which
plays an important role in the global carbon and sulfur cycles
by virtue of its ability to satisfy carbon and energy needs with
inorganic compounds. Special prokaryotic organelles, called
carboxysomes, have been found in the cytoplasm of H.
neapolitanus c2 [1, 2]. Carboxysomes are bacterial
microcompartments that are made up of protein and contain
enzymes ribulose-1,5-bisphosphate carboxylase/oxygenase
(RuBisCO) [3], which is very important in terms of its
biological impact. It catalyzes the primary chemical reaction
by which inorganic carbon permanently enters the biosphere.
Nowadays, the atmospheric concentration of carbon dioxide
is greatly increased. RuBisCO is known to be the most
abundant protein which is involved in carbon fixation. The
fully understanding the functional and structural properties of
carboxysomes and RuBisCO may help scientists to develop
new technologies, which can be used to decrease the carbon
concentration in the environment [4]. One important step
towards understanding the role of carboxysomes and their
associated proteins is to annotate the complete genome of H.
neapolitanus, in particular its promoters. Promoter regions

are the key regulatory elements, which enable genes to be
transcribed or repressed.
Unfortunately, traditional biological experiments for
promoter identification are not enough because they are timeconsuming and expensive. Therefore, numerous methods and
algorithms for promoter prediction have been proposed. Most
of them are based on search sequences for conserved motifs
in the whole genome [5, 6]. However, it has been established
that high sequence conservation is not widely prevalent in
promoters and some of the sequence motifs are dispensable.
Moreover, because of the short length of motif sequences, the
probability to find similar element in regions other than
promoters is very high. Hence, all of these types of promoter
prediction methods suffer from high number of false positive
prediction. To improve available algorithms, it is necessary to
use some other measures, which can help to increase the
numbers of correctly predicted promoters and reduce the
number of false predictions in the coding regions.
Recent studies have shown that structural DNA
information has enormous potential for prediction of promoter
regions [7]. The features such as DNA curvature [8], relative
stability [9] and stress-induced duplex destabilization have
been studied to predict the promoter regions. It has been
demonstrated that SIDD is a property of promoter regions that
cannot be identified by sequence conservation and does not
depend on any motifs. Therefore it may be used for promoter
regions identification with low number of false prediction
[10].
In the previous studies it has been shown that the
regions in genomes with low levels of destabilization energy
are associated with promoters [11]. Since for SIDD profile
calculation it is necessary to obtain only complete sequenced
genome, SIDD properties can be used to predict promoters in
a well studied organisms as well as in newly sequenced when
there is a lack of experimental data (Figure 1).
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Figure 1. A representation of the destabilization SIDD energy
in the region of E. coli K12 genome. The horizontal arrows
show coding regions dnaK and nhaA. The promoters for
dnaK and nhaA lie within regions with a low SIDD energy.

destabilization was used. This research shows that promoter
prediction methods based on using DNA structural property
alone cannot predict all promoter-containing sites in genome.
However in general SIDD technique may be used for
annotation of promoter regions in other prokaryotic genomes
for which limited experimental data is available.
In the future a promoter prediction method based on
SIDD property may be expanded. The number of correctly
predicted promoters needs to be increased and the occurrence
of predictions within the coding regions eliminated. This may
be achieved by using the machine learning technique
Artificial Neural Network (ANN). In preliminary analysis,
ANNs were better capable of identifying distinctive
characteristics of promoter regions, than the SIDD energy
summation threshold promoter prediction method.

2

3

2.1

Results
Promoter prediction analysis across known

3.1

organism E. coli K 12

The genomes of H. neapolitanus and E. coli K12 were
obtained from public domain databases. The circular
molecule of E. coli K12 (the testing set), which contains
4,639,675 nucleotides, was downloaded from NCBI
[GenBank: NC_000913.2]. Experimentally confirmed TSS
and promoter locations for E. coli K12 were obtained from
the Regulon database (Release: 6.4, updated on 10th August,
2009). This database provides a compilation of 1771
promoter sequences. The data set was filtered for unique
promoters with known TSS locations, resulting in 1650
records. The H. neapolitanus genome obtained from NCBI is
a version submitted on 21st October, 2009, and containing
2,582,886 base pairs [GenBank: NC_013422].

The promoter prediction approach based on DNA
sequence and its structural response to super helical stress was
implemented and tested on E. coli K12 by using the SIDD
profile of the whole genome. When the threshold (T) 250
kcal/mole was used, 644 documented TSSs were found in the
predicted 1201 promoter regions. A reliability of 54% has
been observed for E. coli promoter regions. It is needed to be
mentioned that not all 1650 experimentally characterized
TSSs were identified by using SIDD property alone as a
distinctive structural attribute. However, at this level of
sensitivity, the number of false positive predictions is not very
high. This distinguishes the SIDD promoter prediction
approach from the other methods which suffer from high
number of false prediction.

2.2

Promoter prediction for H. neapolitanus c2

Based on parameters obtained when known promoter
regions of E. coli K12 were used as a testing set (T = 250
kcal/mole), SIDD analysis revealed 619 possible promotercontaining regions in the genome of H. neapolitanus. In the
absence of any experimentally validated data about this
organism, the obtained information plays a very important
role in the process of genome annotation. These putative
promoter sequences can be used as targets for experimental
verification or further bioinformatics and/or biological
investigations.

2.3

Methods

Conclusions and future work

To predict promoter-containing sites in the newly
sequenced prokaryotic organism H. neapolitanus, the
propensity of these regions to incur stress-induced duplex

3.2

Sequence data

SIDD calculation

The predicted values of the destabilization energy, G(x),
were provided by Dr. Benham and are available by request at
http://www.genomecenter.ucdavis.edu/benham/index.php.
The destabilization energy associated to the base pair at
position 'x' can be calculated as the difference between the
ensemble average free energy and the average free energy of
those states in which base pair 'x' is open. The value of this
energy approximately corresponds to the incremental free
energy required to force the base pair to stay open under the
assumed negative superhelicity. The energy, G(x), for both
organisms was calculated for the entire genome using the
analysis of SIDD in long DNA sequences [12].

3.3

Details of the SIDD promoter prediction
methodology

The sum of the destabilization free energy of regions
were calculated and compared with an assigned threshold
value (obtained based on the set of experiments with well-
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studied organism E. coli K 12, as described in next paragraph)
to predict promoters in genomic DNA sequence based on
equation (1) below.
n +99

sumG(x) =

∑ G ( x)

(1)

n

sumG(x) represents the sum of the destabilization free energy
in a 100 nt window starting from nucleotide 'n'. A stretch of
DNA was assigned as a promoter if the sum of destabilization
free energy of that 100 nt region was less than the chosen
threshold T. The overlapping 100 nt potential promotercontaining regions were combined into a single site
prediction. Sites, which were less than 50 bp apart from each
other, were taken as one segment (Figure 4). Based on the
SIDD data results obtained using the testing promoter set of
E. coli K 12, the number of true positive and false positive
predictions were obtained (Figure 5). Based on it the
sensitivity and precision of this promoter prediction method
were calculated.

Figure 5. A calculation of the TP and FP for microbial
genome. A flowchart summarizes the calculation of TP and
FP for microbial genome with known promoters.

3.4

Figure 4. Promoter prediction method based on SIDD energy
of the whole genome sequence. A flowchart represents the
promoter prediction methodology for prokaryotic organism
based on the destabilization energy of the whole genome.

Derivation of threshold value and
prediction of promoter regions using E.
coli K12 as a testing set

For identification of the threshold value of the sum of
destabilization energy that best distinguishes promoters from
other regions, a set of experiments with different values of
this sum was done. It was noted that when the threshold value
of destabilization energy increased, the sensitivity level raised
and, conversely, the precision dropped. However, the
sensitivity and precision were essentially the same until a
substantial threshold, T =250, was reached.
The previous studies have shown that the thresholds for
the SIDD summation parameter were almost the same even
for organisms with distinct genome compositions and
environmental niches [10]. Since E. coli K12 and H.
neapolitanus c2 both belong to one phylum (gamma
proteobacteria), the same threshold value was used for the
identification of promoters in H. neapolitanus genome as in
E. coli K12.

3.5

Sensitivity and precision calculation

To measure the performance of the SIDD based
algorithm using the testing set it was reasonable to consider
the number of times the program failed to retrieve relevant
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Escherichia coli: specific transcription in dense regions of
overlapping promoter-like signals”; J Mol Biol, 333, 261-278,
2003.

known promoters as well as the number of mistakenly
retrieving instances that are not promoters. A known promoter
that was predicted correctly by the implemented method was
considered to be a true positive (TP). All other predicted
promoters were considered to be false positives (FP). For
some of the known promoter sequences, the method did not
identify any promoters and thus these were considered as false
negatives (FN).
To evaluate the number of true positives and false
positives for the testing set, sensitivity and precision were
calculated. Sensitivity was calculated as a ratio of the number
of instances correctly identified to the total number of
instances that are promoters (whether retrieved or missed).
Precision was determined to be the ratio of the number of
promoters correctly identified (TP) to the number of all
predicted promoters, whether or not known (TP and FP).
Given a predicted promoter from the resultant set, it
represents the likelihood of that predicted promoter being an
actual promoter. The sensitivity and precision for the
predictions were calculated using the following formulas (2)
and (3):

[10] Wang H, Benham CJ. “Promoter prediction and
annotation of microbial genomes based on DNA sequence and
structural responses to superhelical stress”; BMC
Bioinformatics, 7, 248, 2006.

TP
TP + FN
TP
Precision =
TP + FP

[11] Wang H, Noordewier M, Benham CJ. “Stress-induced
DNA duplex destabilization (SIDD) in the E. coli genome:
SIDD sites are closely associated with promoters”; Genome
Res, 14, 1575-1584, 2004.

Sensitivity =

4

(2)
(3)

References

[1] Shively JM, Ball F, Brown DH, Saunders RE.
“Functional organelles in prokaryotes: polyhedral inclusions
(carboxysomes) of Thiobacillus neapolitanus”; Science, 182,
584–586, 1973.
[2] Cai F,·Heinhorst S, Shively JM, Cannon GC.
“Transcript analysis of the Halothiobacillus neapolitanus cso
operon”; Arch Microbiol, 189, 141-150, 2008.
[3] Schmid MF, Paredes AM, Khant HA, Soyer F, Aldrich
HC, Chiu W, Shively JM. “Structure of Halothiobacillus
neapolitanus
Carboxysomes
by
Cryo-Electron
Tomography ” ; Mol Biol, 364, 526–535, 2006.
[4] Menon BB, Dou Z, Heinhorst S, Shively JM, Cannon
GC. “Halothiobacillus neapolitanus carboxysomes sequester
heterologous and chimeric RubisCO species” ; PLoS One, 3,
3570, 2008.
[5] Hertz GZ, Stormo GD. “Escherichia coli promoter
sequences: analysis and prediction”; Methods Enzymol, 273,
30-42, 1996.
[6]

Huerta AM, Collado-Vides J. “Sigma 70 promoters in

[7] Kanhere A, Bansal M. “Structural properties of
promoters: similarities and differences between prokaryotes
and eukaryotes”; Nucleic Acids Re, 33, 3165-3175, 2005.
[8] Kozobay-Avraham L, Hosid S, Bolshoy A.
“Involvement of DNA curvature in intergenic regions of
prokaryotes”; Nucleic Acids Research, 34, 2316-2327, 2006.
[9] Rangannan V, Bansal M. “Relative stability of DNA as a
generic criterion for promoter prediction: whole genome
annotation of microbial genomes with varying nucleotide base
composition”; Mol. BioSys, 5, 1758-1769, 2009.

[12] Benham CJ, Bi C. “The analysis of stress-induced
duplex destabilization in long genomic DNA sequences”; J
Comput Biol, 11, 519-543, 2004.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Biomedicine Issues In Modern Society:
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Abstract - Biomedicine topics (patient medical privacy,
databases build-up and confidentiality, genetic identity,
cloning, clinical trials) belong both to the scientific field
and to the complete society for various reasons. Due to
the growing interest for the impact of biomedicine on
populations (HIV, cancers, SSRAS, SWINE, H1N1 flue),
we contemplate an increasing presence of the subject in
the media. The development and convergence of new mass
communications and media (Internet, computers, mobile
phones, wireless products), imply an updated legal
framework to protect the medical privacy. The relations
between patient and doctor also evolved as the former
nowadays claim for disclosure, accountability and – as a
consequence – liability of the latter. Such practice already
exists in the United States and is emerging in Europe.
Focus would be developed on assisted reproductive
technologies (surrogacy). It will be a description of the
ethical and legal aspects of assisted reproductive
technologies that have been instituted in European
countries.
Keywords: biomedicine United States Europe assisted
reproductive technologies

1

Introduction

Biomedicine topics such as patient medical privacy,
databases build-up and confidentiality, genetic identity,
cloning and clinical trials belong both to the scientific
field and to the complete society for various reasons. Due
to the growing interest for the impact of biomedicine on
populations (HIV, Alzheimer, cancers, SSRAS, SWINE
and H1N1 flue), we contemplate an increasing presence
of the subject in the media. The development and
convergence of new mass communications and media
(Internet, computers/devices, mobile phones, wireless
products, “carte vitale”), imply an updated legal
framework to protect the medical privacy. The relations
between patient and doctor also evolved as the former
nowadays claim for disclosure, accountability and – as a
consequence – liability of the latter. Such practice already
exists in the United States and is emerging in Europe.
I will address the major points of the definition for the
medical privacy, organs donation, patient’s consent and
the clinical trials that are defined by legal status and
professional ethics. Then, I will go into the issue of the
scientific patents as international competition strengthens
amongst pharmaceutical companies, medical research
centers and generics developers.

Finally, I will present a controversial subject with assisted
reproductive technologies as surrogacy. It will be a
description of the ethical and legal aspects of assisted
reproductive technologies (ART) that have been instituted
in European countries.

2

Fundamentals

Biomedicine thematic federates subjects that, regarding
law, have distant connections. However, it is through law
that we will deal successively with medical privacy and
confidentiality due to any patient, principle of the consent
and donations and taking of organs, clinical trials and
collection of data bases.

2.1

Medical privacy

Today, one of the essential fundamentals is medical
privacy of the medical file. Medical privacy relies on
juridical fundamentals and code of ethics [1]. Medical
privacy around a patient concerns the medical staff and
the regular staff. The medical personnel include medical
staff, regular staff. Medical staffs include doctors,
chemists, nurses, midwives and the general practitioners.
Regular staffs are doctors of National Health, medical
experts, Insurances Company experts. Impairments of
medical privacy are in case of brutality or abuse on
minors, children, old people, incapable or contagious
illness: the doctor has to inform medical and judicial
authorities [2].

2.2

Consent of the patient

The second fundamental principle of medecine, which is
implemented to biomedicine, is the principle of patient
consent. The patient should have been informed in order
to give his assent “free and educated”. In practice, the
assent is given orally by the patient for all the non
invasive cares and by written for the invasive cares,
sampling with genetic use or operation. For people unable
to give their assent, for minor or under guardianship
person, representatives or parents have to be asked. The
patient at the hospital can design a person of trust who
could give the consent if he is not in a position to express
his own consent [3].
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2.3

Donation of organs
-

The donation and use of products and elements of the
human body are subject to fundamental principles as
gratuity, anonymity and consent of the patient, presumed
in the hypothesis the patient is deceased [4]. Two French
institutions are running and supervising the public service
of blood transfusion on one hand and medical and
scientific activity in graft, reproduction, embryology and
human genetic on the other hand: “Etablissement français
du sang”, French establishment of blood and “Agence de
biomedicine”, biomedicine agency.
In lack of detention of the donator card, the principle is
the presumed consent. It is to say the living patient has to
express his opposition to taking. In the hypothesis the
patient is deceased without a card and without expressed
any will, the doctor asks the family of the deceased
patient if the latter expressed any opposition to the taking.
In the lack of information, takings are performed in case
of necessity [5].
For any other purpose than therapeutic ones, the patient
has to be beforehand informed and must confirm his
consent, notably in the case of collecting databases.
Medical data processing with personal content are strictly
narrowed in order to protect medical privacy. The
principle is the written beforehand consent of the patient
in order to proceed to genetic takings used in databases or
in case study.
2.3.1

Medical researches and therapeutics tests

The Huriet-Seruscalt law [6] regulates medical researches
and therapeutic tests. This law guarantees the protection
of persons involved in biomedical research. The person
must give his free and informed consent to participate to
tests (minors and under guardianship person have to be
represented). The consent is expressed and written in the
case of donation of human body for therapeutics
experiences. The consent to cares, which involves detailed
information from the medical staff, is one of the
conditions requested by suffering patient. Various texts
are already stipulating the right to be informed and the
principle of the free and informed consent [7]. At any
time, the patient can go out of the test. Furthermore, the
patient can only participate to one test at the same time.
The laboratory subjects its projected clinical trial to the
Consultation Comity of protection of the person in
biomedical research, “Comité de consultation de
protection de personne dans la recherche biomedicale”,
“CCPPRB”.
Medical research and therapeutics tests have to comply
with the following rules:
-

Recall of the logic of protection
primacy in biomedical research,
Definition of a clear status of main
actors: promoter (laboratory or any

-

-

-

-

2.3.2

conducting the study / investigator
that performs the study),
Settlement
of
CCPPRB
and
obligation to consult it for any kind of
research,
Forbidding of cloning, even in the
aim of performing research with
therapeutic goals,
Medical assistance to procreation
keeps reserved to medical instructions
regarding a couple forming by a man
and a women within the procreating
age,
Research on the human embryo
called “supernumerary” have been
temporally allowed, in strict defined
conditions,
Family information process has been
established when a severe genetic
anomaly is detected and could permit
to take preventive measures or cares
for family relatives.

Scientific patents

The patent, intangible propriety right does not give a right
on the gene itself, but on the invention on the gene and it
is necessary to protect biotechnological inventions.
The invention on a product is new if its structure is
different from similar known products. It does not care
that it pre-exists in a natural state, because its existence
was unknown; it is the input of the man that appears
primordial to reveal the point. The development of the
patentability of the living has given rise to numerous
critics regarding patents on genes. DNA is not life, it is a
chemical substance [8].
The patent of a drug is today regulated by the formal
conditions of common law. The apparatus and mechanism
as substances and compositions are patentable. Methods
of treatment and diagnostics are however excluded from
the patentable field. The second therapeutic application,
which has been allowed to be patented by the office of
European patent, is also now patentable according to
French law. The time of drug patent is the common
duration: twenty years from the deposit, but it is possible
to obtain an additional certificate of protection according
to European regulation.
2.3.3

Assisted reproduction practice [9]

The majority of countries in Europe do not have
established legislation pertaining to the various aspects of
assisted reproductive technologies (ART) practice. Out of
39 countries in Europe, only few countries (around 9) do
not offer ART services. However, there are huge
differences between these legislations regarding ART due
to ethical issues [10].
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2.3.3.1

Sperm donation

Artificial insemination with donor semen (AID) is
indicated in cases of male infertility or when the male
parent is a carrier of serious inherited diseases or
abnormality. At present, legislation regarding ART exists
in only few countries in Europe.
2.3.3.2

Ovocyte donation

Patients requiring ovocyte donation fall into two major
categories: (i) women with ovarian failure and (ii) women
with loss of gonad function. It seems that, where AID is
already accepted, ovocyte donation should not constitute
any ethical problem, since with the latter method there are
fewer controversial issues than with AID. In most
countries in Europe, ovocyte donor has no rights or
obligations with respect to the child. At present, ovocyte
donation is performed in few countries in Europe.
2.3.3.3

Embryo donation

The issue of embryo donation is more complicated than
sperm or ovocyte donation one since there is no direct link
between the embryo and the future rearing parents, even
though there will be a gestational link. In embryo
donation the relationship is similar to adoption. The only
difference is being adoption timing. Embryo donation is
only performed in few countries in Europe. In most
countries, it is prohibited by legislation or by
governmental or professional bodies.
2.3.3.4

Surrogate pregnancy [11]

A surrogate mother is defined as a woman who carries a
foetus and bears a child on behalf of another person,
having agreed to surrender the child to this person at birth
or shortly thereafter. There are three forms of surrogacy:
partial-natural, partial and complete. Surrogate
motherhood may be utilized in cases of uterine infertility
or in cases of severe maternal disease during pregnancy.
Surrogacy holds a great controversy in society and in the
medical profession. The objections to surrogacy are based
on the following: surrogacy takes advantage of the
surrogate woman, who is frequently of low socioeconomic class, from developing countries, or a family
member put under stress; surrogacy absolves the woman
of responsibility; surrogacy impairs the woman’s honour;
surrogacy has a commercial aspect; there are medical,
physical and mental dangers to the surrogate mother.
Currently, the legal practice of surrogacy in Europe is
limited. It is practised according to legislation only in few
countries in Europe, as UK and Ukraine.
2.3.3.5

Pre-embryo research

Recent advances in the field of reproduction have made it
possible to obtain pre-embryos and to use them for
research. Pre-embryo research is desirable at present for
the following purposes: (i) to promote advances in the
treatment of infertility, (ii) to increase knowledge about
the cause of congenital diseases, (iii) to increase
knowledge about the cause of miscarriages, (iv) to
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develop more effective contraception techniques and (v)
to develop methods for detecting the presence of gene or
chromosome abnormalities at the stage of
preimplantation.
2.3.3.6

Cryopreservation

Cryopreservation of embryos may have a function in
enhancing implantation, pregnancy and birth rates.
Legislation regarding storage of embryos in some
European countries, and regulations in others, gives the
gamete donors the right to decide the embryo’s fate.
According to the wish of the gamete’s donors the embryo
can be disposed of, or donated to other couples, or given
for research.

3

Discussion

Medical privacy could be weakened by the electronic
medical file set up.
Each patient has his or her own electronic medical file
which is fed by his/her doctor(s).
Personal information filled in such a file will be available
on the Internet and on the “Carte Vital” chip. If the patient
wants it, any doctor could have access to such
information.
Potential related issues are:
• One general issue: hacking could threat the
confidentiality / non-disclosing of the personal
data included in the electronic medical file.
• Two contextual issues: (i) if the patient is unable
to provide the casualty doctor with the
information because of his injuries and (ii) if the
patient doesn’t want the doctor to have access to
his or her files.
• Two systemic issues: (i) Sociological dimension:
15% to 20% of French doctors declared in 2007
being against the use of computer as a working
tool [12]. (ii) Budgeting dimension: UK will
invest €10 Billions to set up a soft and hardware
environment similar to the French one. [13]
Patent in the biomedical field raises specific questions. IP
claim doesn’t jeopardize the “non-ownership” principle.
The definition of common humanity ownership – derived
from the public international Law – has never been
applied to human-based genetic information, unless for
symbolic purpose.
Access to knowledge is not impeached, as the IP system
that implies full disclosures helps knowledge and
discoveries to be rapidly widespread.
The IP claims based on life, which has been arising vivid
controversy, made necessary the consistency of European
laws thanks to two European Directives: one related to
bioethics (n°2004-800 of the 6 August 2004) and the other
related to inventions protection (n°2004-1338 of the 8
December 2004).
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Qualifying “new” a biotechnology invention raises issues
at three levels: 1) the relation to Nature, 2) the disclosure
of scientific information and 3) the capture of NDA
sequences into data bases.
1)
Qualifying “new” a biotechnology invention
raises an issue with the relation to Nature, has the
dialectic “natural versus artificial” tends to vanish [14].
One must make the difference between a gene sequence
that was discovered (impossibility to claim for any IP /
not to be qualified as “new”) and a gene sequence that
was isolated, purified, manipulated to make the compound
purer: it is precisely this new state of purity and profiling
that makes possible qualifying “new” the produced
material. [15]
2)
Disclosure abolishes the “new” qualification. In
sciences, for international and scientific competition
matters, inventions get often prematurely disclosed by
researchers, whether in specialized issues, Forums or on
the Internet. Such practices destroy the newly dimension
as disclosures make possible the development of
concerned inventions. US law permits a limited franchise
period of time: before the IP claim, disclosing of the
invention content is not opposable to the researcher when
he claims. In the US, such a delay is of one year
maximum. Concerning the idea of applying such practices
in Europe, it seems that universities and public research
are pros, and industrial companies are cons.
3)
NDA sequences incorporation into data bases –
Biobanks. Collection and processing of human biological
extracts and related data represent a very promising field
in the life sciences industry [16]. The related question is
to understand whether feeding databases with such
information abolishes new. It seems that the simple claim
doesn’t abolish the qualification “new” as linked
disclosures are usually unable to permit to a professional
any replication of the invention. As an example, to make
possible a replication, a certain NDA sequence should be
deeply disclosed and explained as a whole, and also as a
combination of parts (“sum of the parts”), each
component being fully disclosed – Such a situation does
not exist in practice. [17]
One of the basic human rights is a woman to decide when
and how to conceive [18]:
1) Under the European Convention, a single woman or
even a lesbian couple is entitled to have children,
even though these children may have no legal father
[19]. Most professional bodies and legislation in the
various countries of Europe have recommended that
Assisted reproduction practice (ART) should be
restricted to heterosexual couples, legally married, or
at least living in a stable relationship. Even in
countries that have no national regulations, ART is
only applied to married or co-habiting couples [20].

2) In order to avoid inheritance of age-related genetic
disorders, donors should be young, the average is 40
years, in France up to 55 years.
3) Statements from most international ethical
committees have stressed that semen donors should
not be reimbursed for their donation. However, the
severe shortage of sperm donors has generated an
increasing interest in the need for their motivation.
The present survey shows that donors in almost all
European countries are initially attracted by the
opportunity to earn money. A solution to this ethical
and practical dilemma was provided by the decision
to compensate the donor only for his time, travel
expenses, absence from work etc.
4) The status of children resulting from artificial
insemination with donor semen (AID) has found a
usual recommendation: a child conceived by AID
with the consent of the mother’s husband should be
treated under the law for all purposes as the
legitimate child of the male parent. In most European
countries where AID is practised, the identity of the
donor is unknown to both the prospective parents and
to their children and, even if they are informed about
the circumstances of their conception, these children
are not entitled to know the identity of their father.
The exception is in Sweden, in the case of “natural”
conception (AID in ART is forbidden in Sweden).
The present trend is that the child should be informed
by his parents of his conception by AID, following
the principle that an adopted child should be placed
in position of this fact.
5) The legal status of the pre-embryo is difficult to
establish. If it is regarded as a person, or even a
potential person, then it has no legal status according
to the law of most countries. If the pre-embryo is to
be regarded as property, ethical principles would be
offended. Questions concerning the right to use,
dispose of, sell and purchase the embryo would then
arise. The pre-embryo is not considered a human
being for the purpose of criminal law. Deliberate
destruction of a pre-embryo is not considered a
criminal abortion act. Pre-embryo research is
performed in few European countries.
6) The frequency of multiple gestations has increased as
a result of the relatively wide-spread use of induction
of ovulation and ART. The ethical and legal status of
multiple-foetus pregnancy reduction depends largely
on views of morality, religion and legal status of
abortion. In countries where abortion is legal for any
reason, there should be no legal barrier to selective
reduction.
7) ART is increasingly available to infertile couples in
Europe. As a result, questions have been raised
concerning the effectiveness, safety and cause of

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

ART procedures, as well as the many ethical and
legal aspects of their use.
In spite of the cooperation of the European countries
at political, economical and other levels, there are
still prominent differences in legislation on ART
practice. It is quite evident that a European consensus
on legislation cannot be achieved, since the whole
area of infertility treatment by ART involves
fundamental issues of life, family and society
structures that are influenced by religion and
tradition, which differ vastly among the ethnic groups
that constitute the population of modern Europe.
However, a European Consensus would avoid law
shopping on Assisted reproduction practice [21].

4

Conclusion

Biomedicine gathers fields that are disconnected from a
legal prospective [22]. Then, how to build up a legal
corpus that will embrace the fields of fundamental human
rights, biotechnology and environment?
IP law philosophy, that targets to give the inventor a payback for his or her contribution to making a better society,
is fully observed. In biotechnology, natural compounds
manipulated by human actually create genuine inventions
which upgrade the technical state of the art. Thus, it is
logical to have the inventor paid-back for his / her
contribution, to provide him with both recognition
(reputation) and wealth upsides.
For long years, biomedicine has been described
inconsistent, as local laws dealing with life sciences were
so. Creating an international and consistent legal corpus
was then considered utopia.
Biomedicine can be approached by the international law
through the humanitarian legal corpus to question our
values in medicine practice, or as an autonomous legal
environment. The consequences are significant, as it
makes the equilibriums repositioned and rebalanced: from
human rights to new technologies and from international
trade to sustainable social justice.
As a matter of facts, biomedicine law is still globally
poorly developed. Medicine and researchers need
international rules to structure their practice as guidelines.
Countries can converge more easily on strict laws within a
region – like in Europe. Hereafter are the main legal texts
elaborated by (i) the CDBI (“Comité Directeur pour la
Bioéthique”, Steering Committee for Bioethics), (ii) the
Convention for protection of human rights and human

dignity related to biological and medical applications [23],
(iii) the Protocol related to biomedical research [24] and
(iv) a soft guideline corpus of best practices [25]. Beyond
these contributions, European Council (“Conseil
Européen”) adopted a Charte for fundamental rights
(“Charte des droits fondamentaux”) that deals with
bioethic and personal data confidentiality and protection
[26]. Such a convention is more advanced than European
Convention on human rights and also more advanced than
a large number of national constitutions.

[1] Article 216-13 of the New Criminal code, article 4of
the ethic Code of medecine.
[2] Article 216-14 of the New criminal code
[3] Article L 1111-6 of the New Criminal code
[4] The law of bioethic of 29th July 1994 stipulates
principle of the «free and informed» consent in the case of
donation of organs, tissues, cellules, products of the
human body.
[5] Law of 4th avril 2007.
[6] Law n°8861138 on the protection of person involved
in biomedical research « Loi Huriet »).
[7] Law n°91-748 of 31st July 1991 reforming hospitals
confirms the right to information: “Private or state care
establishments, have to communicate to patient receiving
or who had received cares, at their request and through a
practitioner they appointed, medical information included
in their medical file”.
[8] The patent right give to it owner a temporally and
geographically monopoly for the exploitation of the
invention, without prejudice to the society interest. One
classical condition to be granted a patent is the notion of
innovation or anteriority.
[9] “Assisted reproduction practice in Europe: legal and
ethical aspects”, Joseph G. Schenker, Hadassah
University Medical Center, Jerusalem, Israel, 1997.
[10] Interview “2010 année bioéthique”, Axel Kahn, TGV
Magazine February 2010.
[11] “Reproductive Health” Eric Scott Sills and Clifford
M.Healy, BioMed Central, 4 November 2008.
[12] Doctor Edouard Karoubi – Hospital Paul Brousse –
Paris, may 2009
[13] Doctor Edouard Karoubi - Hospital Paul Brousse –
Paris, may 2009
[14] A recurrent question is to determine whether Nature
is part of the Technique state of the art. Inventions in the
biotechnology field are continuously showing that
invention can be based on an underlying natural material
– a principle confirmed by article L. 611-10,3 of the IP
Code. A historical review of claims based on living
material shows that IP Law does not support a
mechanically way to integrating Nature-based inventions.
Nature representation itself evolved so that the classical
distinction between “natural versus artificial” tends to
vanish – as biological underlying material got
significantly manipulated by human intervention. Sliding
from “natural” to “artificial” is based on human
intervention level of materiality that made possible by
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manipulation extraction, isolation, purification and
profiling the “isolated human body element”.
[15] Human intervention applied to a natural element
objectifies as a prerequisite the “technicality” of the
process and potentially implies the “invention”
characteristic.
[16] “Ethical issues raised by collecting biological
materials and related data: biobanks and biotèques” Avis
n°77, 20 March 2003 of the CCNE – Mr. F. Bellivier,
Droits et devoirs à propos des collectes d’ADN humain
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André Demichel: Rev. Gén. Droit medical, dec 2002: éd.
Les études hospitalières).
[17] According to La Chambre de recours de l’OEB
(OEB, dec T. 301/87, Alpha interferon c/Biogen : JO
OEB, 1990, p. 335-358), “disclosing a life science
compound to an expert doesn’t necessarily imply that one
single of the numerous underlying elements was alongside
disclosed. In most situations, complex and time
consuming extra researches are considered necessary for
identification
of
such
elementary
underlying
components”. On the 14 March 2000, Presidents Bill
Clinton and Tony Blair jointly asked the scientific
community and biotechnology companies to fully disclose
rough data bases related to human genome and Human
DNA sequences to all scientists over the world. The
international Consortium for human genome sequence
(Hugo) disclosed to the public DNA rough sequences
without neither localising nor profiling the concerned
genes – to make possible future related IP claims.
[18] “Assisted reproduction practice in Europe: legal and
ethical aspects”, Joseph G. Schenker, Hadassah
University Medical Center, Jerusalem, Israel, 1997.
[19] Convention for the Protection of Human rights and
fundamental freedoms as amended by Protocol n°11 with
Protocol 14, 4, 6 ,7, 12 and 13, Council of Europe
[20] Assisted reproduction practice in Europe according
to marital status: Single women:
Belarus/Israel/Italy/Netherlands/Russia/Spain/
Ukraine/United Kingdom.
[21] “Mères porteuses: décision en demi-teinte de la Cour
d’appel de Paris”, LeMonde.fr, 18 March 2010
[22] Mr. Christian BYK, “The international society and
bioethics issues”, Journal du droit international (Clunet),
n°2, April 2007.
[23] Conseil de l’Europe Convention voted the 4 April
1997, entered in force the 1st December 1999, currently
involves 19 countries.
[24] Protocol voted the 25th January 2005
[25] Genetic ante-natal test, genetic test for medical
purposes, human tissues bank, xenotransplantation.
[26] Charte des droits fondamentaux adopted by the
Biarritz European Council in October 2000 and disclosed
at the Nice European Council the 7 December 2000. The
Charte has a strong enforcement power as it is part of the
European Constitution.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

SESSION
COMPUTATIONAL METHODS FOR FILTERING,
NOISE CANCELLATION, AND SIGNAL AND
IMAGE PROCESSING
Chair(s)
TBA

373

374

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

375

A fast noise reduction driven distance-based phylogenetic algorithm
F. Tria1 , E. Caglioti2 , V. Loreto3,1 and S. Pompei1
1 ISI Foundation, Viale Settimio Severo 65, Villa Gualino, I-10133 Torino, Italy
2 Dipartimento di Matematica, Sapienza Università di Roma, Piazzale Aldo Moro 2, 00185 Roma, Italy
3 Dipartimento di Fisica, Sapienza Università di Roma, Piazzale Aldo Moro 2, 00185 Roma, Italy
Abstract— The recently proposed stochastic local search algorithm SBiX showed improved performances with respect
to other state-of-the-art distance-based algorithms for phylogeny reconstruction. Though sufficiently fast to deal with
moderately large phylogenies, its computational complexity
O(N 4 ), where N is the number of taxa, makes it unsuitable
for reconstructing very large phylogenies. We present here a
modified version of it with significantly lower computational
complexity, O(N 2 log(N )), while keeping essentially the
same accuracy. This new formulation is based on a general
noise reduction scheme that allows to differentially weigh
taxa in a dynamical way. In this version of the algorithm,
weights are assigned to leaves depending on a suitably
defined function of distances, the inspiring principle being
that long branches are more affected by noise. An effective
Pauplin’s weight is then considered by the use of the
classical partition function of statistical physics. Being very
general, the approach could be extended to a wider range
of applications.

quartets’ frustration is another approach followed by many
promising algorithms, see for instance [8]. A novel approach
(SBiX) combines the notion of quartet frustration and of
BME in a promising stochastic local search method [9]. We
here propose a novel and modified version of the SBiX algorithm with the aim of reducing its computational complexity.
Further, this new reformulation allows for an interesting
generalization. A general method is in fact presented that
weighs taxa in a balanced minimum evolution framework using the classical partition function of statistical physics. We
show that this new algorithm, Fast-SBiX, features very
similar performances of the previously introduced SBiX. We
tested its performances on artificially generated phylogenies,
using both two-state and four-state sequences models, both
in presence of bare mutations and with horizontal transfer
events. We show that for high mutation rates our algorithm
significantly outperforms the state-of-the-art ones; also when
deviations from additivity are due to a high rate of horizontal
transfer our algorithm features better performances than the
competitors.

Keywords: Phylogeny - Stochastic methods - Noise and Horizontal Transfer - Trees - Quartet methods - Distance-based

2. The algorithm

1. Introduction

2.1 Pauplin’s formula and weak four-points
condition

Phylogeny reconstruction [1], [2] is acquiring an increasing
importance in a wide range of disciplines, from molecular
evolution to epidemiology, to linguistics and social sciences,
in tight connection to high-throughput experiments and large
scale data collections. Though phylogeny reconstruction is
an old topic [3], many fundamental questions are still open
and methods to deal with not purely tree-like processes
and to identify the possible sources of non-additivity and
their effects in a given dataset are still lacking. A class
of widely used phylogenies reconstruction algorithms is the
distance-based one. Algorithms belonging to this class seek
to reconstruct the evolutionary process underlying a given
dataset, starting from a suitably constructed distance matrix
among a given set of taxa. Despite the whole information
is compressed in a single distance matrix, distance-based
methods are widely used thanks to their computational efficiency while featuring very good performances. In particular,
methods based on the balanced minimum evolution principle
(BME) [4], [5], [2] are proven to correctly reconstruct phylogenies when the departure from additivity of the considered
distance is not too strong [6], [7]. The minimization of

Our approach is based on a recently proposed phylogeny reconstruction method [9] that exploits in a unified
framework both Pauplin’s formula and a weak four-points
condition. For sake of completeness, we remind here that
Pauplin’s [10] formula allows to compute the total length
of a tree by exploiting the tree topology and the distance
matrix. The computation is exact when the distance matrix
is additive. We remind here that a distance matrix is said to
be additive if it can be constructed as the sum of a tree’s
branches lengths. Even when the condition of additivity is
no longer true, Pauplin’s formula can be used as a valid
functional to be minimized in order to recover the correct
phylogeny (BME) [7]. Pauplin’s formula reads:
LP =

X

2−t(a,b) D(a, b),

(1)

a<b

where Lp is Pauplin’s length, D the distance matrix and
t(a, b) is the number of nodes of the path connecting a and
b on the tree, i.e., their topological distance.
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The weak four-points condition refers on a correct separation of a quartet in two cherry-like groups. We recall its
formulation: given any quadruplet of taxa a, b, c, d, it always
exists an edge of the tree that divides them into two pairs,
such that a, b are on one side of the tree and c, d on the
other, with respect to that edge. Let D1 = D(a, b) + D(c, d),
D2 = D(a, c) + D(b, d), and D3 = D(a, d) + D(b, c) be
the three possible pairs of distances between the four taxa:
the quartet (ab : cd) is said to satisfy the weak four-points
condition if D1 = min(D1 , D2 , D3 ) [9].

α1

V(α1)

α2
α3

V(α2)

}

α

a

V(α3)

2.2 The algorithmic scheme
The general structure of our algorithm is the following:
1) we start with an initial tree topology for the given set
of taxa;
2) the tree topology is updated by nearest neighbors interchange (NNI), i.e., elementary rearrangements through
sub-trees quartet swapping (see figure 1). Note that
each internal edge defines four subtrees;
3) point 2 is repeated till convergence is reached, i.e.,
when the update of all the internal edges does not
produce any additional moves.

Figure 2: Weighing procedure within a subtree. We
illustrate here the procedure adopted to associate the weight
wa to each specific leaf a. In the picture the blue dashed line
marks the path Pa from the leaf a to the root α of the subtree.
This path has length n(Pa ) = 3. The leaves belonging to
V (αi ), i.e., the set of leaves in the subtree rooted in αi
whose paths connecting them to αi never overlap with any
branches of Pa , are indicated.
move, for each internal edge, to the configuration with the
minimal local energy.

2.3 Local energy definition and noise reduction
A

A

α

β

B

D

δ

γ

C

A

α

β

B

C

γ

δ

D

D
α

δ

e
β

B

γ

C

Figure 1: Elementary move through sub-trees quartet
swapping. Any internal edge defines the four subtrees
A, B, C, D rooted respectively on α, β, γ, δ. Here, the initial
reference configuration ((A, B), (C, D)) displayed on the
left, leads to two possible rewiring: (i) swap the pair B ↔ D
(right-upper panel), (ii) swap the pair B ↔ C (right-lower
panel).
Referring to figure 1, let us call E((A,B),(C,D)) the local
energy associated to the starting configuration (left hand
side) and E((A,C),(B,D)) , E((A,D),(B,C)) the energies associated to the other two configurations, respectively. The update
of the tree topology follows a local minimization principle.
We use here a greedy procedure, where we systematically

The main idea of this novel version of the algorithm is
to represent a whole subtree with a single node. Referring
to figure 1, we will represent the subtrees A, B, C and D
with the nodes α, β, γ and δ, respectively. Let us introduce
the notation a ∈ A if a is a taxa of the subtree A and
analogously for the other subtrees.
Let us imagine for a moment to have already defined a
distance matrix M among the four nodes α, β, γ and δ,
which are going to play the role of the representative of their
own whole subtrees. The configurational energy is defined
as:
E((A,B),(C,D)) = max(0, M1 − min(M2 , M3 )),

(2)

with M1 = Mα,β + Mγ,δ , M2 = Mα,γ + Mβ,δ and M3 =
Mα,δ + Mβ,γ .
Let us now go back to the crucial point concerning the
definition of the distance matrix M . It is easy to prove that,
if we choose
Mα,β =

X

D(a, b) 2−t(a,α)−t(b,β) ,

(3)

a∈A,b∈B

and analogously for the other distances, where t(a, α)
(t(b, β)) is the topological distance between the taxa a
(b) and the internal node α (β), the difference in local
energy between two configurations equals the difference
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1 X
1 X
1 X
D(a, b) +
D(a, c) +
D(a, d)
NB
NC
ND
c∈C
b∈B
d∈D
(4)
where NB , NC and ND represent the number of taxa in the
A
respective subtrees. We also define lmin
= mina la , where
the minimum
is
over
each
leaf
a
∈
A,
and we set pa =

A
f lmin
/la as the weight for the leaf a. The simplest
 case
A
is to consider a step function: pa = θ lmin
/la − lt , where
θ(x) = 1 if x > 0, θ(x) = 0 otherwise, and lt is a threshold
to be set. In doing that, we are simply neglecting a subset of
leaves in each subtree, and we have to accordingly redefine
the topological distances t(·, ·) when computing the matrix
M in eq. (3). A greater accuracy is reached when a less
abrupt function is considered, for instance:

leaf a then reads:
wa =

,

(5)

where k is a parameter to be set. When doing so, the
procedure to calculate the effective topological distances
is slightly more involved. At this aim, let us reinterpret
the weights pa as probability, for the leaf a, to contribute
in the computation of the M matrix, i.e., to be present
in the subtree. Following a standard method in statistical
mechanics, we average Pauplin’s weights over the 2NA
possible configurations of the subtree obtained by allowing
each leaf to be there or not. This can be done in a simple
way thanks to the fact that the probability of each of
those configurations factorizes as the product of the leaf
probabilities pa when, as in the case we are considering, the
probabilities pa are chosen independently for each leaf. Let
us define the path Pa connecting a leaf a ∈ A to the subtree
root α, and call n(Pa ) the number of nodes (αi ) belonging
to this path (see figure 2). Let us then define V (αi ) as the set
of leaves in the subtree rooted in αi , whose paths connecting
them to αi never overlap with anyQbranches of Pa (see
figure 2). We now observe that: (i) ai ∈V (αi ) (1 − pai ) is
the probability that none of the nodes of the set V (αi ) is
present in the considered configuration; (ii) if V (αi ) was
empty, the topological distance t(a, α) would decrease by
one and consequently Pauplin’s weight of the leaf a would
increase by a factor two. The average Pauplin weight for a

1 +

αi ∈Pa

X

(1 − pai ) .

(6)

ai ∈V (αi )

wa pa = 1,

(7)

a∈A

provided that at least one
Q leaf in the subtree A has probability
one to be chosen, i.e., a∈A (1−pa ) = 0. We can now define
the matrix M as
Mα,β =

X

D(a, b)wa wb pa pb ,

(8)

a∈A,b∈B

and analogously for the other matrix elements.

2.4 Computational complexity of the algorithm
100
User Time (seconds)

k

1
2n(Pa )

Y

It is worth noting that:

la =

A
pa = lmin
/la




Y

NJ
Fast-SBiX
FastME

1
# Fast-SBiX sweeps

in Pauplin’s length. Our method, implemented through a
distance matrix M as defined in eq. (3), thus minimizes the
Pauplin’s length of the tree.
We can now generalize the definition of M by weighing
the different leaves accordingly to a suitable criterion. In
the present work, we weigh the different leaves following
the idea, already introduced in [11], that longer branches
are more likely to undergo double mutations, i.e., be more
affected by noise effects.
Let us now introduce a leaf’s average length l, defining,
say for each leaf a ∈ A,
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Figure 3: Computational complexity of the Fast-SBiX
algorithm. We compare the user execution time of the
FastME, NJ and Fast-SBiX algorithms when running on a
standard linux platform, Dual-Core AMD Opteron(tm) Processor 8216 CPU @ 2.40GHz and a cache size of 1024KB.
The curves for FastME and the Fast-SBiX algorithm can
by fitted with the function f (x) = ax2 (log(x))3 , with parameters: (i) a=9.02452e-09 for FastME; (ii) a=2.89269e08 for the Fast-SBiX. The curve for the NJ computational complexity is well fitted with the function f (x) =
ax3 (log(x))2 , with a=3.89337e-10. In the inset we show
the number of sweeps the algorithm does before reaching
convergence. The curve is well fitted by the function f (x) =
a(log(x))2 .
The O(N 2 log(N )) computational complexity of the algorithm can be analytically computed in the particular case
of a perfectly balanced tree, i.e., a tree with all the leaf nodes
at the same depth. In this case is in fact easy to compute the
number of operations needed for a sweep of our algorithm,
i.e., for an update of all the edges. For instance, the update
of the leaves average lengths l is the computationally more
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expensive task, and its computational complexity (measured
as the number of elementary operations) for a sweep in a
perfect balanced tree with N ≥ 8 leaves reads:
N = 4N 2 log2 (N ) − 10N 2 + 11N.

(9)

In figure 3 we report the results for the running times
of the Fast-SBiX, FastME and NJ algorithms, as a
function of the number of taxa N . in all the three cases the
experimental complexity shows a slightly worst behaviour
with respect to the theoretical predictions. While in fact a
single algorithmic sweep of Fast-SBiX shows an evident
O(N 2 log(N )) behaviour (data not shown), the number of
sweeps needed to the algorithm to reach convergence shows
a sublinear O((log(N ))2 ) increase with N (see inset of
figure 3). We expect however this behaviour to be a finite size
effect. This is confirmed by the comparison with FastME,
which is known to feature an O(N 2 log(N )) behaviour [5].
In practise, the Fast-SBiX computational complexity shows
the same scaling with the number of taxa N as FastME, with
a slightly higher prefactor: when fitting the experimental
curves with the function f (x) = ax2 (log(x))3 , we obtain
a=2.89269e-08 for Fast-SBiX and a=9.02452e-09 for the
FastME algorithm (see figure 3).

3. Comparative performances on artificially generated phylogenies
3.1 Models of artificial phylogenies
In order to test the performances of our algorithm, we
generate both 2-state and 4-state sequences phylogenies, the
latter using a Jukes-Cantor-like model [12]. In both cases
we also add the possibility of horizontal transfer events. In
practice, the generative algorithms work as follows. We start
with one sequence, for instance the sequence with all the bits
equal to 0, and at each time step we randomly extract one of
the already existing leaf sequences, say s̄, which generates
two clones as descendants. For each of the two clones we
perform independently the following operations:
• with probability τ an horizontal transfer event occurs: a
randomly extracted portion of the sequence is replaced
with the corresponding portion of another randomly
chosen sequence (we choose randomly the length of the
subsequence where the horizontal transfer acts, setting,
without loss of generality, a cutoff of L/4).
• on each site of the sequence, independently, a mutation
occurs with probability m/L, where m is extracted
from an exponential distribution with average µ (average number of mutations per sequence and per time
step).
We iterate this procedure until the desired number of taxa
is obtained.
For the 2-state sequences model, we consider as distance
between a pair of taxa the correct hamming distance [1],
defined as:

1
Dcorr = − ln(1 − 2h) ,
2
while for the 4-state model we adopted

(10)

4
3
JC
(11)
Dcorr
= − ln(1 − h).
4
3
Here h is the hamming distance, defined as the fraction of
sites in which the sequences differ 1 .

3.2 Comparative performances
In order to assess the performances of our algorithm, we
compare it with state-of-art distance based methods, namely
Neighbor-Joining (NJ) [4], FastME [5] and the recently
introduced SBiX [9], in its greedy version.
As a measure of the correctness of the inferred phylogenies, we use the standard Robinson-Foulds distance measure
(RF) [13]. It counts the number of bipartitions on which the
inferred tree differs from the true one. A bipartition is a split
of the leaves into two sets realized through a cut of a tree
edge. We recall that it exists a one-to-one correspondence
between the bipartitions of the tree and the set of its edges,
so that each tree is uniquely characterized by the set of
bipartitions it induces. Note that, since we consider only
binary trees, the number of true positive bipartitions equals
the number of false positive bipartitions and both are equal
to the RF measure.
In figure 4 and 5 we report the Robinson-Foulds curves
for the considered algorithms as a function of the mutation
rate, for artificially generated phylogenies with 2-state and
the 4-state models respectively. Horizontal transfer events are
not present and we fix the tree size to N = 60. From now
onwards, we shall use the leaf probability pa as in eq. (5),
setting k = 10 2 .
Both using the 2-state and the 4-state generative model,
and in the whole range of values of the mutation rate, SBiX
and Fast-SBiX outperform both FastME and NJ, while
FastME outperforms NJ. The performances of SBiX and
Fast-SBiX are in both cases comparable, Fast-SBiX
showing a slight better performances with respect to the
original SBiX in the 4-state generative model case.
In figure 6 we show the collapse of the normalized
Robinson-Foulds curves as a function of the mutation rate
for the Fast-SBiX algorithm, for different values of the
tree size N . The collapse is obtained by plotting the curves
1 In all the results reported in this paper we let the algorithm infer
the correct phylogeny by using these correct hamming distances. Even
though the defined correction has its theoretical justification only in absence
of horizontal gene transfer, we checked (data not shown) that using the
hamming distance h all the considered algorithms show the same relative
behavior as in the reported results, but the absolute performances are
remarkably poorer.
2 The results are stable and with greatest performances in a range of the
parameter k in the interval from k = 8 to k = 16, with performances
monotonically decreasing when increasing or decreasing k outside this
interval (data not shown).
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Figure 4: Performances comparison as a function of
the mutation rate for the binary generative model.
Robinson-Foulds distance between the reconstructed and the
true tree as a function of the mutation rate per site of
the binary generative evolutionary model. The horizontal
transfer rate τ is here kept to τ = 0. We compare the
performances of the Fast-SBiX algorithm with NeighborJoining (NJ), FastME, Stochastic Big-Quartet Swapping
algorithm (SBiX). In the figure results are averaged over
100 independent realizations for each reported mutation rate.
The error bars are standard errors. All the trees generated
have N = 60 leaves and the sequences have fixed length
L = 1000.

0
0

0.1

(12)

This scaling was already discussed in [9], and can be
understood by considering that the relevant quantity for the
tree reconstruction is not the bare mutation rate, but the
amount of back mutation events, which can be estimated
as (µ/L)2 λ(N ).
In figure 7 we report the Robinson-Foulds curves as a
function of the horizontal transfer rate, at fixed mutation
rate (µ/L = 0.003) and tree size N = 60, for the 2state generative model. Here, for probabilities τ < 0.6 per
sequence to undergo an horizontal transfer event, the performances of SBiX and Fast-SBiX are comparable and
both higher than those of FastME and NJ, while FastME
greatly outperforms NJ. When the probability per sequence
of undergoing an horizontal transfer event increases, i.e.,
τ > 0.6, Fast-SBiX becomes comparable to FastME
while SBiX continues to outperform both of them.

Robinson-Foulds

0.6

2N (log2 N + 1) − 4N + 2
.
N −1

0.3

0.4

Figure 5: Performances comparison as a function of
the per site mutation rate for the 4-state generative
model. The Jukes-Cantor-like evolutionary model is here
used to generate phylogenies. We show the Robinson-Foulds
distance between the reconstructed and the true tree as
a function of the mutation rate per site. The horizontal
transfer rate τ is here kept τ = 0. We compare the
performances of the Fast-SBiX algorithm with NeighborJoining (NJ), FastME, Stochastic Big-Quartet Swapping
algorithm (SBiX). In the figure results are averaged over
100 independent realizations for each reported mutation rate.
The error bars are standard errors. All the trees generated
have N = 60 leaves and the sequences have fixed length
L = 1000.

as a function of (µ/L)2 λ(N ), where λ(N ) is the mean
topological distance between any pair of leaves, that, for
perfectly balanced trees, reads:

λ(N ) =

0.2

µ/L

0.5

Fast-SBiX N=60
Fast-SBiX N=120
Fast-SBiX N=240

0.4
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Figure 6: System-size dependence. Behaviour of the normalized Robinson-Foulds distance for the Fast-SBiX algorithm as a function of the number of leaves N . The
Robinson-Foulds distances are here normalized dividing by
their maximal value N − 3. The curves for different values
of N collapse as a function of µ2 λ(N ), where λ(N ) is the
average distance between two leaves in a perfect balanced
tree with N leaves (see text in section 3.2.)
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Figure 7: Performances comparison as a function of the
horizontal transfer rate in the binary model. RobinsonFoulds distance between the reconstructed and the true tree
of the binary generative evolutionary model as a function
of the horizontal transfer rate τ . We compare the performances of the Fast-SBiX algorithm with NeighborJoining (NJ), FastME, Stochastic Big-Quartet Swapping
algorithm (SBiX). In the figure results are averaged over
100 independent realizations for each reported mutation rate.
The error bars are standard errors. All the trees generated
have N = 60 leaves and the sequences have fixed length
L = 1000 and a mutation rate per site µ/L = 0.003.

4. Conclusions and discussion
In this paper we have presented a novel, fast, version
of a recently introduced distance-based algorithm for phylogeny reconstruction. The new formulation is based on a
general noise reduction scheme that allows to weigh the
different taxa in a dynamical way. In this new version of
the algorithm, weights are assigned to taxa depending on
a suitably defined function of the distances between them,
the inspiring principle being that long branches are more
affected by noise. An effective Pauplin’s weight is then
considered, by the use of the classical partition function of
statistical physics. The new algorithm has been tested on artificially generated phylogenies, both with 2-state and 4-state
sequences models, using in the latter case a Jukes-Cantorlike model, in both cases with the additional introduction of
horizontal transfer events. The computational complexity of
Fast-SBiX is assessed as O(N 2 log(N )), making it suitable
for the reconstruction of large-scale phylogenies. Moreover,
the generality of the approach of weighing the contributions
of the different taxa of a tree makes it suitable for a wider
range of applications. A C implementation of the algorithm
is available upon request.
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Detection and Characterization of Vesicles in EM Images
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Abstract – In the context of an automated tool-chain to
prepare and screen bi-dimensional crystals of membrane
proteins, we have elaborated on-line image processing tools
for an entirely automated transmission electron microscope
devised for the assessment of bi-dimensional crystallization
experiments. In this paper we present a method to detect and
characterize automatically vesicle-shaped membranes in EM
images. The approach is based on a fine analysis of the
contours of the objects present in the image. A split and
merge method approximates the global contours and our tool
groups the contour-parts and reconstructs the vesicles. The
results are confirmed by the expert biologists and very
satisfying to them.
Keywords: split and merge, 2D crystallization, membrane
proteins, image processing

1

Introduction

The aim of this work is to automatically analyze electron
microscope (EM) images in the context of an automated toolchain to prepare and screen bi-dimensional crystals of
membrane proteins. Part of this system is an entirely
automated microscope that can analyze grids without human
intervention. The crystallization conditions are assessed by
preparing the specimen using negative staining and then
imaging the resulting grid by transmission electron
microscopy. Automatic analysis of a specimen requires the
acquisition of images at different magnifications and their
direct processing to determine successively the regions of
interest [1].
To assess their organization, bi-dimensional crystals of
membrane proteins are reconstituted in the presence of lipids.
These biological objects are thin specimens with a low
electron-scattering power. They are therefore stained with
electron dense material to highlight their surface features.
Image acquisitions at medium magnification (x5000) are
analyzed to select membranes that are correctly shaped and
potentially crystalline. Their detection represents a very
important part of the automation process as the localization
results are instantly used to control the image chain
acquisition of the microscope. It must be noted that the
detection of interesting membranes remains a challenging task

because of their particular low-contrasted appearance in a
considerably noisy environment.
Images at this magnification globally appear within a wide
gray-level range, containing objects of different contrasts. The
main object groups found in the images are: dark objects
corresponding to either highly stacked protein membranes or
stain artifacts; well-formed membranes (not aggregated) that
appear slightly darker than the background; and bright nonhomogenous backgrounds presenting gray-level fluctuations.
The purpose of the image analysis process is the detection of
non-stacked membranes in order to extract useful information
(like size, shape, etc). The detection of interesting membranes
triggers new image acquisitions at higher magnification to
verify the presence of crystals using a diffraction technique.
At medium magnification the ordered structure of the
membrane is not identifiable and no texture features can be
computed. Moreover, the membranes diverse forms prohibit
the application of shape recognition algorithms. Since no
intra-region characteristics can be directly derived for the
membrane surface recognition, edge detection techniques are
favored to address the problem.
The paper is organized as follows. Section 2 introduces the
image pre-processing step of our approach to detect and
characterize vesicles in EM images. Section 3 presents the
split and merge method that approximates the global contours
with linear segments and arcs of circles. Section 4 introduces
our tool to group the contour-parts and reconstruct the
vesicles. Finally, a result section and conclusion report on the
efficiency of the method.

2

Detecting and Characterizing
Vesicles in EM Images

Protein membranes appear in various shapes. However, one
can distinguish two important classes:
•

Vesicles, where membranes take the shape of a
sphere, which gives them circular shapes in the
acquired images. Image 1 (figure 1a) shows vesicles
of various sizes. It is interesting to count and
characterize them.
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•

Sheets, which are not characterized by specific
shapes, but often present rectilinear borders, a sign of
potential crystallization. Their random shapes limits
the possibility to characterize them. Image 2 (figure
1b) contains numerous sheets.

a) Image 1

Image 3 (figure 1c) is a very crowded image, with numerous
objects, consisting mostly of sheets and a few vesicles.
This paper proposes an approach to characterize vesicles in
EM images. In terms of image analysis vesicles can be simply
defined as round shaped objects that can be superposed. Two
main object recognition approaches can be distinguished:
region-based and contour-based. Because of the absence of
texture or motif a region-based approach can not be
considered, as already mentioned above. Object recognition
will therefore be based on contour approaches. The contours
that are of interest in this study are the ones that form the
border limits between the objects and the background.
In previous work we developed a segmentation technique
adapted to the difficult context of our images [1], followed by
a background extraction phase [2]. Figure 2a shows the results
of the segmentation phase. The background appears in black.
The segmentation of the inside of the objects will be used in
the subsequent phase of vesicle reconstruction (Section 4). It
is indeed not possible to use this inside segmentation as these
contour-parts could also represent folded vesicles.

b) Image 2

A preliminary image processing step is therefore required to
extract contours from this image (figure 2b). As can be noted
from the pre-processed image, the resulting contours can be
contours of single objects or contours of grouped and stacked
objects. A portion of a global contour will be noted contourpart.
Many contour recognition methods are available, in particular
for detection of basic shapes like lines and circles. The
curvature of a contour [3] can be used to estimate, at each
point, the curvature radius as a function of the neighboring
pixels. This method depends on the observation distance: a
large circle can be locally approximated by a straight line, or a
noisy line can be locally approximated by a circle. For noisy
curves more adapted curvature computation methods have
been proposed [4,5].
Other methods are based on the search of a frequency
signature, like the wavelets approach [6] which has been
successfully applied in many cases, e.g., in the search of
features points in fingerprints [7]. The Hough transform is
another classical method to identify lines and circles [8,9].
These methods cannot however be applied in our particular
noisy context, where major distortions are possible, where the
objects present can appear at different sizes, and where the
objects can be partially crushed or hidden. A split and merge
method is therefore used to discriminate the contours
belonging to different objects. This approach splits a complex
contour into contour-parts approximated by polynomials. A
complementary phase is then necessary to reconstruct the
vesicles.

c) Image 3

Figure 1: Three medium magnification (field of view:
15x15µm) protein membrane EM images: a) vesicles, b)
sheets, c) lots of sheets and some vesicles
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a) segmentation
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b) global contour extraction

Figure 2: Segmentation and contours of Image 1

3

Split and Merge Method

The vesicles present in the images can only be detected and
characterized by a meticulous analysis of the contours. The
image pre-processing step (figure 2b) results in an image of
contours corresponding to the global contours of groups or
aggregates of objects. To identify the various objects in the
pile, it is necessary to determine which contour part belongs to
which object. Split and merge algorithms are helpful
decomposing a chain of pixel into a succession of
polynomials. The geometrical shapes useful to characterize
membrane proteins are line-segments and arcs of circles.
Therefore the contour is decomposed into these two basic
shapes, using a variant of the classical Pavlidis and Horowitz
algorithm [10].

3.1 Split Algorithm
Breakpoints are set along the contour to split it into smaller
contour-parts satisfying an error criterion. This criterion uses
the maximum error measured between the contour-pixels and
the geometrical shapes searched for: line-segments and arcs of
circles.
The allowed error is composed of a 2-pixel permanent error
that is inherent to the image formation and an error
proportional to the contour length. It is important to take this
proportional error into account as it models the imperfections
induced by the biological nature of the observed objects. Each
contour-part is tested and split up if it cannot be modeled by a
line segment or an arc of circle. In the case of a closed
contour, it is first opened arbitrarily before applying the
splitting algorithm.
The setting of the breakpoints is obtained by repeating
iteratively the following steps: a) each contour-part is

approximated with both a linear and a circular regression; b)
both regressions are tested with the above introduced error
criterion; the regression that satisfies the error criterion best is
validated as the polynomial contour-parts approximation; if
the case where none of the regressions satisfies the error
criterion, the contour-parts is split at the most distant pixel to
the chord linking the endpoints. These steps are repeated until
the whole contour is split into a set of line segments and arcs
of circles. As a result, the contours are split according to
polynomial approximations (cf. figure 2b).
Many variants of breakpoint setting rules can be considered.
The one that has been retained is very fast and can be easily
implemented for an online use. It is clear that the setting of the
breakpoints may differ depending on the setting rule and the
arbitrary opening of a close contour. But this is not critical
since the subsequent merge algorithm will eliminate the
misplaced or unnecessary breakpoints.
More sophisticated techniques could be considered to obtain a
more precise setting of the breakpoints. However, they would
not significantly improve the final results in the framework of
our application, although increasing the computational cost.

B
A

C

Figure 3: Illustration the split and merge method

D
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3.2 Merge Algorithm
The arbitrary opening of a closed contour and the setting of
the breakpoint at the most distant pixel to the chord will
inevitably lead to an over-splitting of the contour. This means
that it can happen that two adjacent contour-parts, identified
with very similar approximation, are split although belonging
in reality to the same object. Figure 3 illustrates a case of
over-splitting. A and D are the endpoints of the chain. A first
run will split the chain AD at breakpoint B. A second run will
split the chain BD at breakpoint C. The merging algorithm
will remove breakpoint B.
Figure 4 shows the results of the split and merge algorithms
on a portion of the image presented in figure 1a. The preprocessed image portion in figure 4a shows a global contour
composed of contour-parts of several objects. The splitting
operation results in too many breakpoints (small squares). The
over-splitting of the contour is clearly seen in figure 4b.
Figure 4c shows the remaining breakpoints after the merge
operation eliminated the unnecessary breakpoints.

4

Reconstructing the Vesicles

The purpose of this work is to localize and characterize the
vesicles present in the images. A simplistic way to interpret
the split and merge result would be to associate a vesicle to
each identified arc of circle. Such a reconstruction of Image 1
(figure 1a), using the pre-processed global contour image in

a) Portion of image 1

figure 2b, is shown in figure 5. Each circle represents a
reconstructed vesicle. The identification of vesicles based on
circular contour-parts leads clearly to over-detection. A same
vesicle can be represented by several circles of various radius
and center. Therefore, each identified arc of circle cannot be
assimilated to a new vesicle.
The reconstruction tool we introduce will identify both the
contour-parts belonging to a same vesicle and the circular
contour-parts that do not belong to vesicles.

4.1 Grouping Contour-Parts
Figure 6 shows a portion of figure 2b. The dotted ellipses
surround three contour-parts of a same vesicle. The radiuses
of curvature of these three arcs of circles are different and so
is the position of their center. This can be explained by the
natural character of the objects, which are subject to distortion
in the vicinity of other objects, but also by the size of the
object, the experimental conditions, etc.
To reconstruct the vesicles efficiently and avoid overdetection, a contour-grouping algorithm has been developed.
It applies a circular regression on two non-adjacent contourparts. In a general manner, when the above introduced error
criterion is met, both contour-parts are labeled as belonging to
the same vesicle. To avoid the grouping of arcs of circles that
have very different curvature radiuses (that would meet the
error criterion), conditions on the nearness of the centers of
these arcs of circles must be imposed. Figure 9a shows the
resulting reconstruction. The results are discussed in
Section 5.

b) The split algorithm sets too many
breakpoints

c) Result after the merge algorithm

Figure 4: Application of the split and merge method on a portion of Image 1 (from figure 1c)
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(B)
(A)

Figure 5: Simplistic reconstruction

Figure 6: A portion of
Image 1 from figure 2b

Figure 7: A processed portion of Image 2

4.2 Identification of Vesicles

5

All contour-parts identified as arcs of circles will not lead to
the reconstruction of a vesicle. Indeed, some sheet-objects can
present a part of their contour that will be identified by an arc
of circle. Figure 7 shows part of the contours of Image 2 (in
figure 1b). The contour-parts identified as arcs of circles are
highlighted in blue. Some of these contour-parts do obviously
not belong to vesicles. For example, in the region noted (A),
the reconstruction would be in the background, which is not
possible.

The vesicle detection and characterization methods that we
developed have been tested and validated by expert biologists
on a large number of images. In this section, results for three
characteristic images are presented (Figure 9). The colored
circles represent the reconstructed vesicles, the first number
indicates the radius (in pixels), and the second number gives
the angular sector that is in common with the background.

The case noted (B) is more difficult to eliminate. Here, the
complete segmentation of the image, including the
segmentation inside the global contour, is used. Indeed, if
there is a vesicle at (B), it should be possible to recover most
of its contour-parts. Figure 8 shows in blue a circular contourpart belonging potentially to a vesicle, the textured area
represents the ring in which the contour-parts that will
reconstruct the complete contour of the vesicle should be. The
width of this search-ring takes into account the potential
deformations of the vesicle. These deformations increase in
the vicinity of highly stacked objects.
The algorithm has been devised such as to keep the
implementation compatible with an online treatment. It can be
expressed by these steps: the center of the potential vesicle is
evaluated with the contour-part (blue in figure 8); a radius is
placed at regular angular values and the presence of contourparts is tested along this radius inside the search-ring. If
contour-parts are detected in the ring at more than 80% of the
tested radius, the vesicle is validated. This strong error margin
is chosen to compensate possible segmentation errors.
Considering that the deformations are more important in the
middle of the stacked objects than near the borders, the width
of the search-ring is increased accordingly. The search-ring is
thin in the vicinity of the membrane border and becomes
thicker with the stacking of objects.

Results

Image 1 (figure 9a) contains only vesicles, of very different
sizes. They are globally well reconstructed. A few small ones
have not been reconstructed because they are too distorted
(not circular enough), and a very large one, very crushed and
elongated, has been reconstructed by two circles. The vesicles
that have no contour-part in common with the background are
ignored. They are not interesting because they are stacked and
therefore cannot be used to verify their cristallinity.
Image 2 (figure 9b) is composed exclusively of sheet-objects.
The result here verifies that no vesicle has been wrongly
detected on this image, even though there were circular
contour-parts present in the image (see figure 7).
Image 3 (figure 9c) is composed of many objects of various
sizes and shapes. The figure shows that the few vesicles
present were well detected and reconstructed.

Figure 8: Reconstructing the vesicles based on the
segmentation of the inside of the objects
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Conclusion

a) Image 1 – Vesicles

We developed tools to characterize efficiently the vesicles
present in protein membrane EM images. They are identified
and characterized automatically. The implementation is
compatible with an online use (processing time of one image
is less than 5s for a 1024x1024 image with an non-optimized
Matlab code on an Intel Core 1.6 Ghz processor). The results
are very satisfying to the expert biologists both because they
are very similar to their own manual analyzes and they save
them a lot of time and tedious work.

7
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1

Abstract - We present a novel hierarchical modular decision
engine for lung nodule detection from CT images implemented
by Artificial Neural Networks. The proposed Computer Aided
Detection (CAD) technique encompasses several desirable
properties such as mimicking physicians by means of
geometric
multi-perspective
analysis,
computational
efficiency, and most importantly archiving high performance
in detection accuracy. One advantage of this decision engine
is that it supports the combination of spatial-level and featurelevel information analysis in an efficient way. Our
methodology overcomes some of the limitations of current
lung nodule detection techniques by combining geometric
multi-perspective analysis with global and local feature
analysis. The proposed modular decision engine design is
flexible to modifications in the decision modules; the engine
structure can adopt the modifications without re-designing the
entire system. The engine can easily accommodate multilearning scheme and parallel implementation so that each
information type can be processed (in parallel) by the most
adequate learning technique of its own.
Keywords: Image processing in medicine and biological
sciences, Pattern classification and recognition, Computerbased medical systems

1

Introduction

Lung cancer is one of the most lethal cancer types. It is
reported in (Partain et al. 2005) that it accounts for 32% and
25% of cancer deaths among men and women (Dodd et al.
2004) and causing 150,000 deaths a year (Li et al. 2003) in the
United States, respectively. It is proved that early detection of
this cancer type may increase the chance of survival (Sluimer
et al. 2006, Dood04]. It has been observed that radiologists
may overlook some nodules due to heavy load of number of
images and fatigue. It is also proven that a computer aided
detection and diagnosis (CADD) system can provide a ‘second
opinion’ for radiologists to increase their interpretation
performance (Doi 2005).
As seen from the facts stated above, invention of a novel
methodology that can assist to detect a cancer would be very
crucial. In many areas of medicine, it has been proven for a

long time that a CADD system is one of the important tools to
help early detection of malicious disease. Main goal of a
CADD system is to give a second opinion to enhance the
performance of radiologist while increasing the number of true
positive detections and decreasing the number of missed
nodules. A CADD system is mainly used to assist human
interpreters to identify and characterize abnormalities
automatically (Ko and Naidich 2004] “making lesions easier
to detect and classify and potentially identify at an earlier
stage” (Krupinski 2004). Although automatic nodule detection
systems may yield false outputs, (Ko and Naidich 2004]
showed that image interpretation time is significantly
improved with CADD. Another advantage of using a CADD
system is to reduce the workload of radiologist and
consequently decreasing error as well (Armato et al. 2004). As
stated in (Rubin et al. 2000), with the advanced technology of
CT scanning, ‘data explosion’ is a big challenge when we
consider that a radiologist has to analyze more than 300 image
sections per case. Explosion of image data affects human
judgment due to physiological exhaustion like fatigue or
distraction (Armato et al. 2000).
Nodule detection techniques can be categorized with
respect to their spatial analysis dimension such as 2D or 3D
detection and their analysis granularity that can be global or
local. It is obvious that high-dimensional analysis is superior
to lower ones as regard to detection accuracy; whereas it
demands more computational resources. Global analysis
approaches, which require typically less computational
resources, allow us to characterize the whole volume of
interest (VOI) with higher-level abstraction. However, the
higher-level abstract features may leave out useful details from
the image, thus weakening discriminative power. In contrast,
local analysis approaches can provide more descriptive
features while leading to the curse of dimensionality that may
require advanced processing techniques.
Moreover,
efficiently integrating the numerous local analysis results into
a global decision is a challenging task.
As an important fact that human intelligence is the best
nodule detector and yet there is no machine intelligence that
can compete with this human detection capability. Whereas
human visual recognition power is limited by eye vision
capacity, on which the machine can be superior. Therefore, a
comprehensive nodule detection technique should be able to
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combine higher spatial dimensional analysis with global and
local feature level analysis while demanding less
computational resources and high performance detection
accuracy, and be able to mimic human intelligence. In
addition, the detection system should be flexible so that
different classification approaches can be used together and
modification of its units should not require redesigning the
entire system.
According to our extensive literature review (e.g., Giger
et al. 1994, Kanazawa et al. 1996, Kawata et al. 2000, Lee et
al. 2001, Hu et al. 2001, Suzuki et al. 2003, Takiza03,
Arma04, Paik et al. 2003, Zhang et al. 2005, Way et al. 2006)
about pulmonary nodule detection from 3D CT images, the
current approaches analyze a VOI for suspicious objects by 1)
searching through transverse plane or 2) performing
segmentation. The first group approaches aim either to find
the most descriptive section or to model the VOI based on
some spatial assumptions before extracting characteristic
features; the second group approaches perform, first, a 3D
segmentation and then extract features for pattern recognition.
On the other hand, they perform feature level analysis in a
non-categorical way; so the size of a feature vector has to face
curse of dimensionality. Another drawback of the current
approaches, which employ 3D analysis, is that they consider
entire VOI to produce some global feature vectors, which have
less capability of characterizing complicated lung volumes.
In this study, we introduce a novel hierarchical modular
decision engine for nodule detection. The central idea is to
use a hierarchy of classifiers (predictors) for the task of
classifying a volume of interest. The classifiers at the lowest
layer of the hierarchy focus on series of (spatial) slices of the
3D image, and classify these slices independently according to
features of certain type. The outputs of classifiers at layer N
form inputs to the classifier at the next layer to produce some
intermediate predictions. These predictions can be at spatialor feature-level to be explained in the sequel. We have
implemented a prototype system using the Inter-slice interplane (ISIP) model (to be described in Section 3).
The rest of the chapter is organized as follows. In section 2,
the data used is described. In section 3, the hierarchical
nodule detection method and the implemented ISIP model are
presented. Experimental results are reported and analyzed in
Section 4 on applying ISIP to a collection of CT images.
Section 5 is a brief conclusion.

2

Materials

The nodule and non-nodule image series are provided by
National Cancer Institute from National Cancer Imaging
Archive (NCIA) and by Lake P.E.T. Imaging Center
(LakePet), respectively. The nodules were marked by four
different radiologists and their location is saved as an XML
file. The non-nodule imjects (image objects) are extracted
semi-automatically. In this research, we used 80 nodule and
non-nodule imjects in total with 40 imjects from each class.
Nodule samples were collected from 20 patients’ anonymous
CT scans which are provided by NCIA and non-nodule

samples were extracted from a healthy person’s image series,
which were provided by (LakePet). Image series has a
resolution of 512 by 512 resolution and slice thickness from 2
to 5 mm.

3

The Hierarchical Engine and ISIP
Model

The problem addressed in this section is to classify (as
nodule or not) a VOI from 3D CT lung image. The proposed
decision engine model is a hierarchical engine which has
several tiers. The engine analyzes a volumetric data based on
selected features by obtaining some intermediate decisions
from the first layer to the final layer. The intuition behind the
proposed model is improving accuracy of a prediction through
hierarchically connected information levels. Our experimental
results show that this multi-level approach has a capability of
obtaining the most improved decision at the final level. The
engine is composed of several layers which contain several
modules of a predictor and a regrouping processor. Each
module at the same model layer is totally independent from
each other while they are integrated to some modules at the
successive layers. This independent processing makes it
possible to implement the decision engine in a parallel
processing environment.

3.1

The Hierarchical Modular Decision Engine

The decision engine analyzes a volumetric data at
different information levels. These levels include spatial levels
as slice, plane, and volume and feature levels as feature-class
and feature-type. Spatial information levels are obtained by
partitioning 3D space into three orthogonal planes♣ 
namely transverse (x-y), coronal (x-z), and sagittal (y-z) 
and the data in the direction of each plane is sub-divided into
2D slice sequences which are composed by the most primitive
unit (voxel). At the slice level, a prediction is obtained
independently for each slice. At the plane level, the prediction
is obtained by combining predictions for all slices of the
plane. Similarly, the volume level synthesization utilizes the
plane level outputs to reach a decision about the entire 3D
volume.
The features used for the VOI classification task are
partitioned into two feature classes: geometric class and
photometric class. Within each class, the features are further
partitioned into various feature types. For example, the
features in the geometric class are grouped into ‘spectral
feature type’ and ‘circularity’ feature type”. Feature-class (or
feature-type) information level synthesization is performed
using prediction results of other information levels by
employing a specific feature-class (or feature-type) predictor.
♣

As a convention, the term ‘slice’ alone refers to ‘spatial
slice’ on a plane and the term ‘plane’ alone refers to ‘spatial
plane’ in 3D Cartesian coordinate system.
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In a non-modular predictor, all of the volumetric data
(and all features) are utilized together to obtain a decision. In
contrast, the modular approach partitions the raw data into
several spatial and feature levels and combines a hierarchy of
predictions at these levels in an efficient way. Therefore, the
proposed modular engine model mimics a human expert who
analyzes a VOI from different projections; further, the engine,
after obtaining machine coded features from the raw data,
enhances the decision-making process with multi-level feature
analysis which is beyond the limit of a human intelligence.

3.2

The ISIP Model

The inter-slice inter-plane decision (ISIP) model analyzes
a volume based on each feature-type separately. For a VOI
and a specific feature type, the decision engine will first
perform spatial and feature-level prediction (from slice to
plane, and from plane to entire volume) using the specific
feature type. Namely we are first looking for the answers to
questions like “What is class of the object in the VOI
according to the spectral feature? As the model name ISIP
refers, analysis and synthesis is performed by first combining
results from different slices, and then combining results from
the 3 spatial planes. The individual feature-type predictions
for the whole volume are then integrated for each feature-class
separately before reaching the final classification.
The ISIP engine starts analyzing a VOI from the slices of
a plane to obtain some predictions at the feature-type level.
Then, a synthesization occurs at the plane level followed by
the volume level synthesization; the overall decision is
. Figure 1 illustrates the ISIP
obtained by the module
structure of the modular decision engine. The model layers are
explained in the sequel.
Layer 1. Feature-type Analysis of the VOI: This layer is
. The first prediction
composed of feature-type modules
about each slice based on a specific feature-type is obtained at
this layer. The decision engine seeks for an answer to a
question like “to what extent does the imject in the slice
belong to the nodule class according to each individual
feature-type?”.
Layer 2. Plane and Volume Level Synthesization: This
and
layer is composed of plane and volume level modules
, respectively . An analysis is conducted separately on the
VOI based on each individual feature type; first, a prediction
is obtained at the plane level, and then output of the 3 plane
predictors are used to obtain a volume level prediction. The
decision engine seeks for an answer to a question like “to what
extent does the imject in the VOI belong to the nodule class
according to a shape feature when we look first through planes
individually then altogether?”. On the other hand, instead of
using two types of module (namely plane and volume level
modules), plane level prediction can be skipped and only
volume level synthesization can be performed; this is depicted
as dashed line box (MP•) in Figure 1.
Layer 3. Feature-Class Level Synthesization: This layer is
. A prediction
composed of feature-class level modules
about the VOI is obtained based on all feature types of the
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feature-class. The decision engine seeks for an answer to a
question like “to what extent does the imject in the VOI
belong to the nodule class according to predictions
considering all geometric features?”.
which
Layer 4. Final Decision: This layer has a module
produces the final decision about the VOI. The module has a
threshold operator after the predictor unit to obtain the final
classification result. The decision engine seeks for an answer
to a question like “to what extent does the imject in the VOI
belong to the nodule class considering geometric and
photometric features altogether?”
Note that under the general framework of the proposed
hierarchical model, one can easily design decision engines
with different orders of analysis/synthesis. For example, a
model can first perform feature-level and then spatial-level
analysis/synthesis to obtain the final decision. In addition,
one could use different machine learning methods to train the
classifiers at different layers.

4 Experimental Results
4.1 Experimental Set-up
We have implemented the ISIP model with backpropagation neural networks as classifiers at each decision
node in the hierarchy. We tested our model with six
experiment groups; each group has several sub-groups. In this
section, we analyze results of experiment group A.
In the experiment group-A, we applied the LevenbergMarquet learning algorithm using batch processing approach.
This algorithm trains a back-propagation neural network by
adaption of the parameter momentum µ . We refer the reader
to (Hagan et al. 1994) for details of the learning algorithm.
The algorithm starts with a small stability constant µ (like
0.001), and µ is increased by mu_inc (like multiplying by 5)
if the performance function (sum of squared errors) does not
produce a smaller value; on the other hand, if the function
yields a smaller value, then µ is divided by mu_dec for a faster
convergence. We conducted 72 experiments with varying
training parameters: mu_dec = {0.05, 0.1, 0.5}, mu_inc = {5,
10}, mu_max = {100, 1000, 10e10}, epochs = {10, 10, 500,
1000}, and keeping other constants which are mu = 0.001,
time = 60 min max, goal = 0, min_grad = 1e-10, max_fail = 3.
The network structure is composed of 1 hidden layer. The
numbers of nodes in the hidden layer of each predictor and
feature types which are used in the Decision Engine are given
in Table 1; the output layer of each ANN has 1 node. Our
experiments aim at assessing the performance of the ISIP
model under various choices of ANN training parameters. The
network is trained and tested by randomly selected objects.
The whole data set is divided in training, validation and
testing having the equal number of objects from nodule and
non-nodule sets. The size of the training, validation, and
testing data set are 48 (60% of 80 imjects), 16 (20%), and 16
(20%), respectively.
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Figure 1 The ISIP conceptual model structure (MFk: Feature-type level module, MP•: Plane level module, MV•: Volume level
module, MFC•: Feature-class level module, MO: Overall classification module, Ek: Feature Extractor of a feature type k)

Table 1 Number of hidden nodes in each ANN predictor (ML: Model Layer)
Feature
Class
Geometric
Photometric

Feature Type

ML 1

ML 2

ML 3

Spectral
Circularity
Co-occurrence
Run-length

2
9
11
12

1
1
1
1

2
2
2
2

4.2. Feature Vector Data Set
We developed a tool to preprocess the image slices from
3 planes and to extract feature vectors. In this study, we used
two feature classes each having two feature types, namely
geometric and photometric and two object class, namely
nodule and non-Nodule. Two types of shape features, namely
spectral feature and circularity-regional shape features, are
used. The length of the spectral shape feature vector is 50. The
circularity-regional feature vector is composed of 5 circularity
measures including elongation, eccentricity, and circularity by
radial distance, circularity by CPR which is obtained using
CPR of the border, circularity by spectral feature (Soysal and

ML 4

ML 5

2
2
2

Chen 2007), and 3 regional measures including normalized
Euler’s number, compactness, and convexity. Photometric
feature vectors employed are co-occurrence and run-length
feature vectors. The co-occurrence vector is composed of
energy, entropy, contrast, the inverse difference moment, the
correlation among the gray levels. The run-length feature
vector is composed of gray-level non-uniformity, short-run
emphasis, long-run emphasis, run percentage, run-length nonuniformity.
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4.3 Performance Analysis
In this sub-section we analyze nodule and non-nodule
detection performance of the decision engine based on
assessment measures, namely sensitivity, specificity, and area
under the ROC curve. Sensitivity measures the ratio of true
positive samples (nodules) detected out of all positive samples
(Kraemer et al. 2005). Specificity measures the ratio of true
negative samples (non-nodules) out of all negative samples.
The area under the ROC curve Az is another measure of
classification performance in terms of sensitivity and
complement of specificity (Lasko et al. 2005). The ROC curve
is obtained by applying some threshold values to the classifier
output and then calculating corresponding true positive rates
(sensitivity) and false positive rates (1 - specificity) (Metz
1986).
Figure 2 depicts a summary of classification performances
at the last layer of the Decision Engine for the experiments
group-A; in the following, all analysis refers to Figure 2
unless indicated otherwise.
Goodness of classification for nodule imjects: Max-bar
reads that the Decision Engine classifies all nodules perfectly
for some parameter sets (with Sensitivity = 100%). We can
infer from the median and mean bars that most of the
parameter sets yield a classification performance above the
mean according to sensitivity median of 88%. This indicates
that, in classification of nodule imjects, the Decision Engine is
not affected too much by the parameters selected for a sample

391

set. The MIN curve shows that some of the parameter sets
cannot yield a good classification.
Tendency to nodule and non-nodule (type I and II error
analysis): ‘Type I’ error is defined as the percentage of true
negative examples classified as ‘positive’; thus type I error =
(1-specificity). Similarly, ‘type II’ error refers to the
percentage of true positive examples classified as ‘negative’,
i.e., type II error = (1-sensitivity). The comparison of medians
for sensitivity (88%) against specificity (75%) yields that the
Decision Engine has a slight tendency towards the nodule
prediction in most of the parameter sets.
Goodness of classification for non-nodule imjects:
According to the max-bar, the Decision Engine classifies all
nodules perfectly for some parameter sets (with specificity =
100%). The median and mean bars read that most of the
parameter sets yield a classification performance above the
mean according to specificity (75% and 70%, respectively).
This indicates that, in classification of non-nodule imjects, the
Decision Engine is not affected too much by the parameters
observed.
Analysis of performance variations: Variation among
sensitivity, among specificity, and among Az scores is 19%,
30%, and 22%, respectively. This means that the engine is
more sensitive as regard to non-nodule detection compared to
nodule detection. We can also conclude that the engine is less
sensitive to the parameter differences in measuring the type II
error compared to type I error.

Figure 2 Overall classification performance of the Decision Engine against parameter variations (summary of all experiments for
the final layer)
The parameter set which yields a better classification
performance: Parameter sets of some selected experiments are
shown in Table 2. This parameter set achieved 100%
performance scores for sensitivity, specificity, and Az. The
correlation among the experiment parameters (mu_dec,
mu_inc, and mu_max) are -0.16, -0.01, and 0.01, respectively;
this shows that the elapsed time is not sensitive to these
parameter variations.

Nodule detection performance for the experiment 42
(number of epochs = 500, mu_dec = 0.05, mu_inc = 10,
mu_max = 1010, and elapsed time = 19 sec) is depicted in
Figure 3. As seen from the figure, the classification
performance improves from the first layer of the Decision
Engine to the final layer, in general.
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Conclusions

In this study, we presented a hierarchical modular
decision engine for lung nodule detection from 3D CT images.
The decision engine consists of a collection of decision
components organized in a hierarchical way such that a
higher-level decision component synthesize the predictions at
the
lower-level
through
either
spatial/feature-level
synthesization. One advantage of this decision engine is that it
supports the combination of spatial/feature-level information

analysis in an efficient way. We also reported experimental
results of a prototype implementation of the ISIP model on
real-world lung CT image data. The ISIP model achieved very
good performance assessed by sensitivity, specificity and area
under the ROC curve. The empirical study is limited by the
size of the available data set. Further experiments with larger
data set would be desirable. Nonetheless, the studies so far
support the effectiveness of the hierarchical decision model.

Table 1 Parameters of some selected experiments from group-A

Exp-42
Exp-26
Exp-33
Exp-55
Exp-69

Epochs

mu_dec

mu_inc

mu_max

Elapsed Time (sec.)

500
50
50
1000
1000

0.05
0.1
0.5
0.05
0.5

10
5
5
5
5

1E+11
1000
1E+11
100
1E+11

19
20
11
13
12
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Figure 3 Average change of classification performance
through Decision Engine Layers
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Re-alignment of Class Images in Single-particle Electron
Microscopy
Wooram Park and Gregory S. Chirikjian
Department of Mechanical Engineering, Johns Hopkins University, Baltimore, MD, USA

Abstract— Averaging class images is a useful intermediate step for three-dimensional reconstruction of biological
macromolecules in single-particle electron microscopy. During the averaging process, the background noise is reduced
and better image contrast is obtained. In order to take the
average of class images, they are aligned to one another
before averaging. The alignment cannot be perfect due to
the background noise in each electron micrograph. In this
paper, we investigate several image quality measures that
can be used to re-align class images. By re-aligning, we
can obtain better class averages.

(or equivalently maximizing the square integral of a class
average) opens a way to consider new measures of the image
quality of class averages that can be used to align class
images.
In this paper, instead of developing alignment methods
we develop a method to re-align class images assuming
that initial alignment has been applied. We test three image
quality measures: L2 norm, image sharpness, and entropy.
Using synthetic EM images, we confirm the performance of
our method.

Keywords: Electron microscopy, class averages, image alignment

2. Re-alignment with measures for image quality

1. Introduction

2.1 Test images

In single-particle electron microscopy (EM), a classaveraged image is defined as the average of class images.
The images in a class share the imaging direction which
is the relative three-dimensional orientation of biological
macromolecules of interest to the direction of the electron
beam. Class-averaged images show better signal-to-noise
ratio compared to individual electron micrographs that are
taken with limited dose of electrons to reduce radiation
damage to specimen.
In order to take the average of class images, twodimensional (2D) alignment for the images should be performed first. Various 2D alignment methods have been
developed and applied to align electron micrographs [4], [7],
[8], [9], [10]. Regardless of methods, it is hard to obtain
the perfect alignments, because the background noise in
electron micrographs ruins the high frequency information.
The alignment errors can be estimated [1], [2], [5] and a
study about efficiency of 2D alignment methods has been
reported in [3]. In [6], a method to extract a clear underlying
image from a class average was developed.
It is interesting to see that the alignment can be achieved
by maximizing the square integral of the sum of class images
(See equation (5) in [4]). This maximization is achieved by
finding the rotational and translational shifts for each class
image. Sigworth [9] used the maximum-likelihood method
to solve this maximization problem and the maximumlikelihood methods were improved to solve multi-reference
refinement [8].
The fact that the alignment can be achieved by maximizing the square integral of the sum of class images

For demonstration, we consider one set of artificial EM
images. We prepare a 256 × 256 projection image of
GroEL/ES (PDB code: 1AON). To obtain this image, we
assign small three-dimensional Gaussian densities for Cα
with standard deviation 1.6Å and then compute a projection.
Next, by adding the Gaussian noise to this projection, we
obtain a noisy image. After obtaining many noisy images
using different noise samples, we align the images and take
the average as shown in Fig. 1(a). In the alignment process,
the centers and principal axes of the images are matched.
Fig. 1(b) shows the class average when the ideal alignments
are known. The goal of our re-alignment method is to give
the improved class average close to Fig. 1(b) starting with
Fig. 1(a).

2.2 Iterative re-alignment
Suppose that we are given an initial average of noisy
images in a class. For example, the alignment before averaging might be achieved by matching mass centers and
principal moments of inertia [5]. Let the images positioned
and oriented according to this initial alignment be denoted
as fi (x) for i = 1, ..., N . The class average is defined as
f (x) =

N
1 ∑
fi (x).
N i=1

We now seek to generate an improved class average of
the form
N
1 ∑
f˜(x; g1 , ..., gN ) =
fi (gi−1 · x)
N i=1
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(a)

(b)

Fig. 1: Class average of artificial EM images. (a) Class average with the alignment method in [5]. (b) Class average with
the ideal alignment.
where gi ∈ SE(2) denotes a rigid-body motion on the plane
and g · x is the usual action of SE(2) on R2 . Here the set
gi consists of translational and rotational motions relative to
the initial alignment. Generally, the element of SE(2) can
be written as


cos θ − sin θ a
cos θ b  .
g =  sin θ
0
0
1
In order to compute g · x using matrix multiplication, the
two-dimensional vector should be written as x = [x y 1]T .
Using an image quality measure Q for class averages, we
try to find gi to maximize the function Q as
max Q(f˜(x; g1 , ..., gN )).

g1 ,··· ,gN

(1)

In order to implement (1), translations and rotations are updated with iterative piecewise search. Explicitly, we compute
the near-optimal translations and rotation for gk by solving
the following problem:
max Q(f˜(x; g1 , ..., gN ))

xk ,yk ,θk

where



cos θk
gk =  sin θk
0

− sin θk
cos θk
0

(2)


xk
yk  .
1

For discrete search for these variables, the candidates for the
variables are respectively
x1k = −σx or 0 or σx ,
yk1 = −σy or 0 or σy ,
θk1 = −σθ or 0 or σθ .

1
where √the superscript (·)
√ denotes the first iteration, σx =
σy = 2t1 and σθ = 2t2 . Note that the variables t1 and
t2 were estimated in [5]. In the first iteration, we determine
these variables for k = 1, 2, ..., N in a serial manner. For
finer adjustments, the candidates for the variables in the j th
iteration are respectively
σx
σx
xjk = − j−1 or 0 or j−1 ,
2
2
σ
σy
y
ykj = − j−1 or 0 or j−1 ,
2
2
σ
σθ
θ
θkj = − j−1 or 0 or j−1 .
2
2

With Nt iterations, the rotation and translations for gk are
computed as
xk =

Nt
∑
i=1

xik ,

yk =

Nt
∑

yki

i=1

and

θk =

Nt
∑

θki .

i=1

This iterative re-alignment is practical, because we aim to
compute the small rigid body motions gi assuming that the
initial alignment has been obtained.
For the purpose of demonstration, we assumed that the
initial alignment were achieved with the method in [5] and
the sizes of iterative update for shifts were given according
to the method. It is important to note that the re-alignment
method in this paper is not dependent on the choice of the
initial alignment.

2.3 L2 norm maximization
A square integral of a two-dimensional function f˜(x) is
written as
∫
Q1 (f˜(x)) =
f˜(x)2 dx.
R2
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Fig. 2: Class averages after re-alignment by (a) maximizing L2 norm, (c) maximizing image sharpness, and (e) minimizing
entropy. (b), (d) and (f) The corresponding FRC curves show image quality enhancement.
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When we consider the square integral of class-averaged
images, this quantity measures how compactly the class
images are aligned to each other. To adapt this definition
to discrete images, the L2 norm of a image matrix can be
used:
∑
Q1 (f˜(x)) =
f˜(xi )2 .
i

As for the artificial EM images, we have a new class
average as shown in Fig. 2(a) by maximizing the measuring
function Q1 with respect to rotational and translational
shifts for each class images. The Fourier ring correlation
(FRC) curve shown in Fig. 2(b) confirms the resulting
average image has been improved. In Fig. 2(b), the blue
dashed line depicts the FRC between the clear projection
of GroEL/ES and the class average obtained by the method
in [5]. The black dotted line depicts the FRC between the
clear projection and the class average obtained by the ideal
alignment. The FRC of the class average with the ideal
alignment is the best accuracy that we can expect in the
ideal case. As shown with the thin green line (first iteration)
and the thick red line (fifth iteration) in Fig. 2(b), the realignment process restores the image information in all the
frequency range. Note that the thick red line is quite close
to the ideal alignment.

2.4 Image sharpness maximization
The image sharpness based on gradient can be defined as
∫
˜
Q2 (f (x)) =
∥∇x f˜(x)∥2 dx.
R2

Based on the fact that clearer images have sharper edges,
we maximize Q2 of class average to re-align the class
images. Fig. 2(c) shows the improved class averages when
the sharpness of Fig. 1(a) is maximized. The corresponding
FRC curve is shown in Fig. 2(d). As shown in Fig. 2(d),
the image information in all the frequency range is restored
after the re-alignment process.

2.5 Entropy minimization
The entropy of the function f˜(x) can be defined as
∫
˜
Q3 (f (x)) = −
f˜(x) log f˜(x)dx.
R2

The entropy decreases as a system is organized. Unlike the
above two cases where the measuring function is maximized,
we minimize Q3 of class averages to re-align the class
images. Fig. 2(e) shows the improved class averages when
the entropy of Fig. 1(a) is minimized. The corresponding
FRC curve is shown in Fig. 2(f).
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3. Conclusion
In this paper, we proposed a method to re-align the class
images. The class images are re-aligned using translational
and rotational shifts to maximize (or minimize) image quality functions of class-averaged images. Three image quality
functions were tested: L2 norm, image sharpness, and image
entropy. Since we assume that the initial alignment has
been applied, the amount of re-alignment motions is small.
Thus, these small motions are obtained by iterative update
of the shifts for class images. We confirmed that our realignment method works with the artificial EM images. It
is important to note that this re-alignment method can be
applied regardless of the initial alignment method. Therefore,
this re-alignment can be mounted on the top of the existing
alignment algorithm in order to increase the alignment
accuracy.
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Automated Medical Image Fusion : A
Comparative Study between GA and PSO
Based Approaches
Mahua Bhattacharya, Arpita Das
Abstract — Medical image fusion has been used to derive the
useful complimentary information from multimodal images. The
proposed methodology introduces evolutionary approaches for
robust and automatic extraction of information from different
modality images. These evolutionary fusion strategies are
implemented in multiresolution approaches using wavelet
transform. The analysis of input images at multiple resolutions
are able to extracts more fine details and improves the quality of
the composite fused image. The proposed approach is also
independent of any manual marking or knowledge of fiducial
points and starts the fusion procedure automatically. The
performance of the evolutionary technique based genetic
searching for extracting maximum complementary information is
compared with swarm intelligence based fusion approach using
mutual information as the similarity measuring metric.
Experimental results show that genetic searching based fusion
technique improves the quality of the fused images significantly
over the particle swarm approaches.
Keywords - image fusion, multiresolution analysis, genetic
algorithm, particle swarm intelligence.

I.

INTRODUCTION

A wide variety of dada acquisition sensors are available
nowadays. There are different sensors that focus on different
parts of the same object [1]. Thus acquired images are
complimentary in many ways and a single one of them is not
sufficient in terms of their respective information content.
However, viewing such series of images separately and
individually is not very useful and convenient. The concept of
multi-focus images is to combine or fuse the sharply focused
regions from different sensors to take a better decision than
the single source only [2]. In medical diagnosis, different
radiological images are important tools for visual
interpretation and evaluation of the diseases. Medical image
fusion is the process of combining complementary information
of a particular organ focused by the different types of sensors.
In present day technology, images from single sensor may not
always be sufficiently accurate to represent all required
information of a particular organ, whereas the images from
different sensors carry complimentary but important
information. For example, MR-T1 gives a greater detail about
the anatomical structure and MR-T2 gives greater contrast
between the normal and abnormal tissues [3].
M. Bhattacharya is with Indian Institute of Information Technology &
Management, Gwalior, Morena Link Road, Gwalior-474003, India (e-mail:
mb@iiitm.ac.in)
A. Das is with the Institute of Radio Physics and Electronics, University of
Calcutta,
92
A.P.C.
Road,
Kolkata-700009,
India
(e-mail:
arpita.rpe@caluniv.ac.in)

Moreover, dose calculation is based on the computed
tomography (CT) data, and PET images describe the
metabolic process of the organs, like blood flow, food activity
etc with low space resolution [4]. Hence it is natural and
desirable to combine different modalities of medical images
together to increase the examination accuracy and evaluation
specificity.
Many image fusion methods have been proposed for
combining different modality images. Some of them are based
on Bayesian approaches [5]. Hurn et al. suggested a
hierarchical frame work for estimating a fused classification of
medical images by combining registered data images at
different resolution. The authors not only proposed fusion
process for the functional images representing the metabolic
activities, also included structural images to incorporate
anatomical properties [6]. Thus region labels are taken into
account to include the anatomical features rather than the
boundary information only.
The Dempster–Shafer evidence theory [7]-[9] was applied
to classify multi-source data by taking into account the
uncertainties related to the different data sources. Another
approach, multi-source classification based on the Dempster–
Shafer evidence theory has been reported in [10], where an
unsupervised method is proposed. Bloch [11] also introduced
the uncertainties to extract information from the different
sensors. It is because, the uncertainties appeared due to the
imprecise, incomplete nature of information, must have to be
taken into account for the fusion process. These characteristics
are of particular importance, especially for the purpose of
medical image fusion, because of the vagueness of medical
data. A neural statistical approach is introduced to fuse the
multi-source and multi-temporal information for classification
of remote sensing images. In this approach, Bayes rule is
utilized for achieving minimum error to the compound
classification of multi-source images. A technique based on
multilayer perceptron neural networks is applied to compute
nonparametric estimation of posterior class probabilities [12].
The multiresolution image fusion schemes are widely
acknowledged as the most efficient and promising image
fusion algorithms. Pyramid [13] and wavelet [14] are the most
widely studied and used multi-resolution image fusion
schemes. There are many types of pyramid and wavelet
decomposition algorithms in recent years. However not much
research has been conducted on fusion rules. The fusion rules
generally adopted in many papers are generally averaging rule
for approximation images and select ‘max’ or ‘min’ for detail
images in multiresolution approach. Combination of PCA and
consistency checking also proposed for adaptation of fusion
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rule [15]. In this new fusion rule PCA was applied to
approximation images and to test the details of images with
consistency checking algorithm. A fusion scheme by
calculating the wavelet transformation modulus-maxima [16]
of the input images was also proposed. To improve the
automatic detection performances of linear features in SAR
satellite data, different fusion operators are designed [17].
Since extension of classical set union and intersection do
not lead to satisfactory results, fuzzy fusion operator is
presented in this study for covering the wide range of satellite
data. A region based multifocus image fusion scheme was
proposed for quality assessment of the images in spatial
domain [18]. The basic idea of this approach was to divide the
source images into blocks, and then select the corresponding
blocks with higher quality assessment value to construct the
resultant fused image. GA is brought forward to determine the
suitable sizes of blocks. GA is also applied for recognizing
real 2D or 3D objects from 2D intensity images assuming that
the viewpoint was arbitrary. The main difficulty in
implementing this idea was to determine the parameters of
combination of views. Bebis et al [19] solved this problem
either in the space of feature matches among the views (image
space) or the spaces of parameters (transformation space). GA
is utilized to obtain the fusion of reference views.
Due to the huge appealing advantages, the concepts of
multimodal medical image fusion method have received a
great importance over the years. Nevertheless, the deformable
nature of human tissues causes high fusion accuracy for
clinical diagnosis. To deliver the expected fusion accuracy,
most of the state-of-the-art fusion methods have the typical
requirement ─ a set of fiducial points must be manually
identified and marked in advanced among the different
modalities of the images to be fused. Marking of these fiducial
points not only requires substantial manual work, it also slows
down the fusion process. The manual interpretation of fiducial
points at the beginning of fusion approaches may also subject
to localize the errors which may further generate other types
of fusion errors [20]-[21].
The objective of this paper is to remove this limitation and
introduce an automatic multimodal medical image fusion
system that can be used in clinical diagnosis and evaluated
with accepted fusion accuracy. Introducing multiresolution
approach in our proposed fusion scheme finer details can be
extracted from the decomposed input images. Genetic or
particle swarm optimization based evolutionary algorithms are
then implemented to select the important complementary
features. Genetic approach captures complimentary features
more efficiently in the fused image than PSO, because of the
discrete nature of search spaces specified in the present study.
Our results also justify it.
III.

PROPOSED IMAGE F USION SCHEME

The overall image fusion scheme of the proposed algorithm
involves the decomposition of input registered images,
computation of genetic or swarm intelligence based selection
methodology, implementation of fusion rules and then
reconstruction of the fused image as shown in Fig. 1.
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Fig. 1: Block Diagram of Image Fusion Scheme

The proposed approach starts with two registered images as
input. At first, the registered input images (A and B) are
decomposed into high (DA & DB) and low (CA & CB) frequency
subbands by HAAR wavelet transform. At a particular
decomposition level, both subbands must carry out the
information of that particular resolution. Genetic searching
algorithm or PSO is then applied for collecting maximum
information from the image subbands DA & D B. The low
frequency subbands CA & CB, produced by DWT are then
averaged for accumulating the gross structure of fused image.
Thus the selection rule adapted for this algorithm can be
described as

C Fj (u , v )  mean {C Aj (u , v ), C Bj (u , v )}

(1)

the superscript j denotes the jth level of resolution.

D Fj (u , v )  max of { D Aj (u , v ), D Bj (u , v )}

(2)

Finally, by applying the inverse wavelet transform on the
selected image subbands, the fused image (F) can be
reproduced. It is noted that the proposed approach can initiate
without mention of any fiducial points. So it is an efficient,
automatic and robust fusion technique using soft-computing
approaches.

A. Multiresolution Approach
In an image, if both fine and coarse objects or low and high
contrast objects are present simultaneously, it is advantageous
to study them at several resolutions. This is the fundamental
motivation for multiresolution processing.

Pyramid: A powerful but simple structure for representing
images at more than one resolution is the image pyramid. An
image pyramid is a collection of decreasing resolution images
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arranged in the shape of a pyramid as shown in Fig. 2. The
base of the pyramid contains the highest resolution
representation of the image. Moving up the pyramid both size
and resolution of the images are decreased.

differing by a factor of 2 from its nearest neighboring
approximations. Additional functions, called wavelets, are
then used to encode the difference in information between
adjacent approximations.
B. Maximization of HF Subbands Components
In the proposed fusion rule, maximization of HF
components has been achieved either by particle swarm
approach or genetic searching algorithms and averaging
technique is implemented for low frequency subbands. The
maximization and averaging process is independent of manual
marking of fiducial points or any prior knowledge of seed
points.

Fig. 2: A Pyramidal Image Structure

The apex contains the lowest-resolution approximation.
The base level J is size N  N when N=2J, intermediate level j
is size 2 j  2 j, where 0  j  J. Fully populated pyramids are
composed of J + 1 resolution levels from 2 J  2 J to 20  20, but
in practice most pyramids are truncated to P + 1 levels, where
J-p jJ and 1 < P  J, since a 1  1 pixel image is of little
value.

Fig. 3: System for constructing image pyramids

As shown in Fig. 3, any image of level j can be
approximated to level j-1 by applying HAAR wavelet
transform. It will contain only the gross structure of level j.
The size of level j-1 image is just half of level j.
To determine the fine details of level j image, we first
interpolate the level j-1 image to produce one of the same
sizes as the level j image. This interpolated image is also
known as prediction of level j image. Subtracting the
prediction of level j image from the original level j image
produces level j residual image. This residual image contains
only the fine details or the high frequency sub-band
component of level j image. The technique for producing level
j-1 approximation and level j prediction residual is the
fundamental logic of wavelet based multiresolution
processing.
In multiresolution analysis (MRA), scaling function is used
to create a series of approximations of an image, each

Genetic Searching Algorithm
Genetic algorithm (GA) is an evolutionary searching
technique. It is based on the mechanism of natural selection
and natural genetics. The parameters to be optimized are
represented as the binary coded string structures called the
chromosomes. A collection of possible chromosomes then
forms a population, which produces next generation through a
natural search process. This searching algorithm adopts “the
fittest survives” rule after a structured yet randomized
information exchange within the existing generation to yield a
new generation. Genetic algorithm efficiently exploits the
information to speculate on new search points with expected
improved performance using three operators  selection (or
reproduction), crossover and mutation to achieve the goal of
evolution.
In present approach the fusion rules for complimentary
feature selection are to average the approximate coefficients
and maximize the details coefficients. GA is utilized for
maximization of detail coefficients of the input images (A,B)
at a particular resolution to achieve the improved fused
images. The approximate coefficients are selected by standard
averaging method. Genetic searching algorithm is capable of
preserving the important but complementary detail features
into the fused image. GA is an iterative procedure as described
below:
1. Formation of initial population of GA by the detail
coefficients of each input images.
2. Calculation of average (avg 1) and maximum (max1)
value of detail coefficients for the current population.
3. Selection of parents from the current population based
on the fitness/objective function generated for GA.
4. Encoding of the eligible parents into simple binary
numbers to form the chromosomes.
5. Performing the basic Genetic operator ─ crossover and
mutation to create new generation chromosomes.
6. Decoding of new generation chromosomes to form the
upgraded population of detail coefficients.
7. Calculation of new average (avg2) and maximum
(max2) value of current population.
8. If the difference between ‘avg1’ and ‘avg2’ & ‘max1’
and ‘max2’ is less than a predefined threshold value (T),
stop further iteration; otherwise replace the value of
‘avg1’ and ‘max1’ by ‘avg 2’ and ‘max2’ respectively and
goto step 3.
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Particle Swarm Optimization
The PSO algorithm as proposed in [22WC], [23EWC]
simulates the social behavior of a school of fish or a flock of
birds, called the swarm. The individual swam members are
called particles. Particles benefit from experiences and
discoveries of others when searching for food. Each particle
remembers its own best position called the individual best or
‘pbest’, as well as the best position found by the whole swarm,
and called the global best or ‘gbest’ [22 WC]. Global best is
known to all and immediately updated when a new best
position is found by any particle.
The ith particle position (xi) and velocity (vi) update
equations in the simplest form that govern the PSO are given
by

v
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c v
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i
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rand

  pbest

x

i



x  c
i
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x v

i
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rand
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x  (3)
i
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where c0, c1, c2 ≥ 0.
c0 is the inertia coefficient, c1 and c2 the acceleration
coefficients, and rand ( ) is random numbers, generated
uniformly in the range [0, 1], responsible for imparting
randomness to the flight of the swarm. The c1 and c2 values
allow the particle to tune the cognition and the social terms
respectively in the velocity update equation. In fact these two
parameters affects how much the particle’s ‘pbest’ and flock’s
‘gbest’ influence the movement of the swarm. A larger value of
c1 allows exploration, while a larger value of c2 encourages
exploitation. This introduced enough variation into the system
to give the simulation an interesting and lifelike appearance.
Thus PSO approach is simply an iterative procedure and
implemented as follows:
1. Formation of initial population of PSO by the detail
coefficients of each input images.
2. Intensities of detail coefficients plays the role of
objective function in PSO approach.
3. Calculation of average (avg1) and maximum (max1)
value of detail coefficients for the current population.
4. Now update the population according to equations (3)
and (4).
5. Calculation of new average (avg2) and maximum (max2)
value of current population.
6. If the difference between ‘avg1’ and ‘avg2’ & ‘max1’ and
‘max2’ is less than a predefined threshold value (T), stop
further iteration; otherwise replace the value of ‘avg1’
and ‘max1’ by ‘avg2’ and ‘max2’ respectively and goto
step 4.
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The joint probability distribution of two images is
estimated by calculating a normalized joint histogram of the
gray values. The definition of the mutual information of two
images A and B combines the marginal entropy, pA(a) and
p B(b) and joint entropy pAB(a,b) of the images in the following
manner:
I ( A, B ) 

p
a ,b

AB

p

( a , b ) log

p

A

AB

(a, b)

p

(a)

B

(5)

(b )

MI is related to entropy by the equation
I(A,B) = H(A) + H(B) – H(A,B)

(6)

with H(A) and H(B) being the marginal entropy of A and B,
respectively,
and H(A,B) be their joint entropy.
H ( A)   

p

a

H ( A, B )   

p

a ,b

III.

AB

A

( a ) log

p

( a , b ) log

A

(a)

p

AB

(a, b)

(7)
(8)

EXPERIMENTAL RESULTS

Presently we have reported the results of CT and MR (T1
& T2) brain images of the same patient to study the proposed
fusion schemes. The ventricular portion is the region of
interest in present study, since any deformities of this region is
indication of disorder/degeneracy observed in human brain. In
our study ventricular region from different modalities are
registered and then have been fused using the genetic and
particle optimization technique. The comparative study shows
the superiority of genetic based maximization of HF subbands
over PSO approaches. The performance of each fusion
methodology is measured with mutual information metric.
Table-I, Table-II and Table-III exhibit comparative study of
genetic and PSO based fusion approaches.

Fig. 4 (a)

Fig.4(b)

C. Evaluation of the Fusion Qualities
Mutual Information (MI) is a basic concept from
information theory, measuring the statistical dependence
between two random variables or the amount of information
that one variable contains about the other. In this study, MI is
used for evaluating the quality of the fused image. It is also
used for comparing the superiority of the proposed
methodology over the pixel-wise fusion technique.
Fig. 4(c)

Fig. 4(d)
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Fig. 4: (a) MR T1 , (b) MR T2, (c) Fused Image using Genetic
Algorithm (F1), (d) Fused Image using PSO based Technique (F2).

The MI based comparative study of two fusion techniques
is given in Table-I. I1 & I2 are MR T1 & MR T2 images of
same patient and F1 & F2 are fusion methodologies using
genetic and PSO approaches respectively.
TABLE- I: MR T1 vs. MR T2 Fusion (Fig. 4)
MI

F1

F2

I1

1.8660

1.7025

I2

1.6590

1.7768

(I1+I2)

3.525

3.4793

Fig. 6(a)

Fig. 6(b)

Fig. 6 (c)

Fig. 6(d)

Fig. 6: (a) MR T2, (b) CT, (c) Fused Image using Genetic
Algorithm(F1), (d) Fused Image using PSO based Technique (F2).
Fig. 5(a)

Fig. 5(b)

In Table-III, I1 & I2 are MR T1 & CT images of the same
patient and F1 & F2 are fusion algorithm using genetic and
PSO approaches respectively.

TABLE- III: MR T1 VS. CT FUSION (FIG. 6)

Fig. 5(c)

MI

F1

F2

I1

1.6772

1.5973

I2

1.5988

1.4824

(I1+I2)

3.2760

3.0797

Fig. 5(d)

Fig. 5: (a) MR T2, (b) CT, (c) Fused Image using Genetic based
Algorithm (F1), (d) Fused Image using PSO based Technique (F2).

In Table-II, I1 & I2 are MR T2 & CT images of the same
patient and F1 & F2 are the fusion algorithms using genetic
and PSO approaches respectively.

TABLE- II: MR T2 VS. CT FUSION (FIG. 5)
MI

F1

F2

I1

1.8387

1.6044

I2

1.5618

1.3985

(I1+I2)

3.4005

3.0029

IV.

CONCLUSIONS

In the present study all images to be fused are initially
registered. The wavelet based multiresolution decomposition
of the input images carries more complimentary information
than single resolution approach. As the HF subbands
represents the sharper intensity changes, a good selection
strategy is required to maximize the detail information.
Genetic based automatic optimization technique is a
biologically inspired searching algorithm that maximizes the
HF subbands of input images. As the LF subbands produce the
gross structure of the images, it is enough to average them to
form the fused image. Both genetic and PSO based selection
algorithm starts without any prior knowledge of fiducial
points.
From the experimental results primary view seems to be
that the GA outperforms the PSO. It is not very surprising that
the GA would outperform the PSO because the GAs are
naturally better suited to discrete search spaces, whereas PSO
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was originally designed to work on continuous search spaces.
Since digitized gray-level intensities of HF subbands play the
role of objective function in both GA and PSO based
maximization technique. It is obvious that GA is more
efficient to collect the important complimentary information
from multimodal images.
Typically, when one of these algorithms is modified to
operate on the other type of search spaces, PSO may play the
better results. Our future work includes the investigation of
other evolutionary algorithms in the digitized search spaces
and evaluation of their performances. We may also compare
different searching strategies using other type of similarity
metrics to prove the excellence of GAs.
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Doppler ultrasound signal spectral response in the
measurement of blood flow turbulence caused by stenosis
J. Solano, M. Vázquez, E. Rubio, I. Sánchez, M. Fuentes, and F. García-Nocetti
1
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Abstract - This research work is concerned to the use of a
Doppler ultrasound system aiming to study the effect caused in
the blood flow by stenotic lesions. In order to accomplish this
study, an experimental blood flow phantom was constructed.
This is a controlled platform that allows to generate a range of
blood flow profiles, and also to produce different degree of
stenosis on a testing vessel. The phantom has also been
electrically modeled in order to asses the response under
conditions both normal and pathological (with stenosis). The
flow average velocity is estimated by calculating the Pseudo
Instantaneous Mean Frequency (PIMF) of a discrete Doppler
ultrasound signal produced with a blood flow phantom. This
signal is conditioned, digitized and processed in order to
generate a 2-D spectrogram to be displayed and for
calculating suitable clinical parameters like flow, pulsatile
index and resistance index, among others. A graphical user
interface (GUI) has been developed for input, output and set
control variables and monitoring the system. The results in
this study demonstrate a suitable use of Doppler ultrasound
spectral analysis of blood flow in order to evaluate the degree
of stenosis in vessels.
Keywords: signal processing; spectral analysis, Doppler
ultrasound, blood flow phantom.

1

Introduction

Ultrasonic techniques have been successfully used in the
development of instruments for medical diagnosis: in
obstetrics, cardiology and vascular-peripheral system, among
others. These instruments allow image generation of some
internal structure of the body, as well as the associated
spectral response of vessel blood flow by means of the action
of ultrasonic transducers. In the case of the detection and
evaluation of the blood flow through vessels, Doppler
ultrasound systems, both continuous and pulsed, simple or
with image, have been widely used as non-invasive methods.
Doppler signal frequency is proportional to the blood velocity
within the sampled volume, and as the arterial blood flow is
pulsatile, the Doppler signal presents a frequency spectrum
that varies with time. In ideal conditions the spectral power
density has a form similar to a histogram of the speed of the
blood within the sampled volume. An increase in the range of
Doppler frequencies, as a result of turbulence in the blood flow,
can be used to detect stenosis [1]. A stenosis is a pathological

process where lipids are deposited in the internal layers of the
arteries, where the calcified deposits and the accumulation of
frothy cells generate a diminution of the artery diameter, see
Figure 1.

Figure.1. Example of stenotic lesion.
(Ref. imágen [17])
The blood is a fluid that consists of cells and plasma.
The viscosity of the blood is related directly to the relative
percentage of Red Cells in Blood (RBC) and influences in the
flow velocity. Two factors that affect the blood flow through
a vessel are: (1) the differential pressure between the endings
of the vessel and (2) the resistance to the flow by the vessel.
The relation between differential pressure, flow and
resistance in a vessel is expressed like:
flow =

Δpressure
resis tan ce

(1)

The blood flow is the total amount of blood moving with a
certain velocity profile, as it changes according to geometry
of the vessel (figure 2). Therefore if the velocities whole
distribution is measured, it is possible to estimate the flow in
ml/s through blood vessel [2]. The resistance of the flow
depends on the vessel radius, its length and the blood
viscosity. Therefore, the flow can be expressed as:
flow = mean velocity x area

(2)
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Aterosclerosis (hardening and thickening of the arteries) is a
common disease that causes alterations in the elasticity of the
artery affecting the relations of pressure-flow in the arterial
system. [3]. clinically, the detection and quantification of
stenosis serves as a criterion to determine if the patient
requires a surgical operation [4]. The stenosis reduces the
diameter and increases the flow velocity in a vessel segment
and this effect causes turbulence in the blood flow, as is
depicted in Figure 2.

2.2

405

“Phantom” model

The experimental platform developed represents a
complete system that requires of a careful characterization. In
order to accomplish this, a theoretical model to study the
behavior of blood flow “phantom” has been developed and
set out initially as an electrical circuit based on
electromechanical analogies [15]. The related equivalences
are defined in Table 1.
Table 1. Force and Flow Variables

Figure 2. Laminar and turbulent flow

2

Methodology

Previous works have studied in extensive form the
theoretical spectral response of simulated blood flow Doppler
ultrasound signals by using a number of spectral estimation
methods [1, 13, 14]. Also, an experimental platform has been
constructed to reproduce mean velocity profiles that emulate
the response for different blood vessels.

2.1

The Blood emulator fluid and blood flow
“phantom”

In order to reproduce the blood dynamics, it has been
necessary to develop a blood emulator fluid, starting from
some solutions reported [5-12], modifying some
concentrations and adding new materials in order to improve
the behavior of the fluid in the interest parameters
(propagation velocity, density, viscosity and particle size).
The experimental platform developed [13, 14] is shown in
Figure 3 and it is denominated blood flow “phantom”.

Mechanics

Electric

Fluid

Force Variable

Force

Voltage

Pressure

Flow Variable

Velocity

Current

Flow

In this model, an artery is represented as an array of resistors,
capacitors and inductors. The resistors model the viscous
dissipation (energy dissipation); this is, the pressure fall that
is required to force the blood flow through the vessel.
Capacitors model the blood vessel distensibility, this is, the
capacity of the vessel to stretch or dilate, to accumulate and to
release blood through the elastic deformations. The inductors
model the inertial convection. In Figure 4, the equivalent
circuit used to obtain the waveform of the mean velocity in a
vessel is shown. In the proposed system [13, 14], although
the circuit does not emulate the mechanism of the heart (left
and right ventricles), when comparing the waveforms
reported [1] with those obtained by using the proposed
model, these are similar. The natural cycle of the pump that
emulates the action of the heart, creates pulsed conditions in
all the arteries. Due to sanguineous flow is pulsatile,
pressure-flow relationships vary with time and are a function
of blood viscosity and elasticity.

Figure 4. Simulation model for temporal response of the
carotid artery.
Figure 3. System block diagram
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2.3
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Frequency estimators

For the purpose of the spectral estimation in the case
study presented in this work, a Discrete Fourier Transform
(DFT)-based method has been used.
Definition. Discrete Fourier Transform X ( k ) with a window

h ( n ) of the signal x ( n ) with a legth N , with
n = 0,..., N − 1 , is defined as [16]:
N −1
⎛ − j 2π kn ⎞
X ( k ) = ∑ h ( n ) x ( n ) exp ⎜
⎟
⎝ N ⎠
n =0

(Eq. 4) and the RMS bandwidth (Eq. 5). Three different
scenarios were considered. In the first one, the acquisition of
signals was achieved for the case of an artery without
stenosis. Figures 5, 6 and 7 show the 2-D spectrogram, the
PIMF and the RMS bandwidth, respectively, for a three
cycles segment of Doppler signal from to a healthy artery. In
the second scenario the stenosis degree was gradually
increased by using a specially designed device able to
generates controlled stenosis. Synthetic arteries with different
degrees of stenosis were analyzed (30%, 40% and 50% of the
cross-sectional area), making the measurements 0.5 cm after
the stenosis.

(3)

with k = 0,..., N − 1
The Pseudo Instantaneous Mean Frequency (PIMF) is
defined as:
N /2

PIMF =

∑ k • X (k )
k =0
N /2

∑ X (k )

2

(4)

2

k =0

The Root Mean Square (RMS) bandwidth is defined as:
N /2

RMSB =

∑ ( k − PIMF )

2

• X (k )

k =0

N /2

∑ X (k )

2

(5)

2

Figure 5. 2-D spectrogram (artery without stenosis)

k =0

3

Results and analysis

In this work, the theoretical flow in a healthy carotid
artery (pulsed and unidirectional flow) was emulated using
the blood flow phantom. In the human body during cardiac
systole (contraction), the blood flow average velocity in the
artery increases, while in diastole (relaxation) it decreases.
The flow average velocity is estimated by calculating the
Pseudo Instantaneous Mean Frequency (PIMF) of a discrete
Doppler ultrasound signal produced with a blood flow
phantom. The Doppler signal is generated by means of a
bidirectional pulsed Doppler system, using an 8 MHz
ultrasonic transducer. This signal is conditioned, digitized
and processed in order to generate a 2-D spectrogram to be
displayed and for calculating suitable clinical parameters like
flow, pulsatile index and resistance index, among others. A
graphical user interface (GUI) has been developed for input,
output and set control variables and monitoring the system.
Considering that the velocity average of the Doppler signal is
proportional to the PIMF, the Doppler ultrasound signal
spectrogram is calculated by using the DFT (Eq. 3), the PIMF

Figure 6. Pseudo Instantaneous Mean Frequency-PIMF
(artery without stenosis)
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Figure 7. Root Mean Square-RMS bandwidth (artery without
stenosis)

Figures. 8 and 9, show the PIMF and the RMS bandwidth for
the different degrees of stenosis considered. In Figure 8, an
increase in the velocity of the blood flow is observed as a
result of the diminution of the cross-sectional area of the
artery in study. In figure 9, it is also observed that when the
PIMF increases, the RMS bandwidth increases. This is
because when the velocity of blood flow increases, in
presence of an occlusion, the flow becomes more turbulent,
generating in consequence a higher amount of frequency
components.
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Figure 9. RMS bandwidth (30%, 40% & 50% degree of
stenosis, measurement at 0.5 cm after the stenosis)

In the third scenario the degree of stenosis was set to a fix
value and a number of estimations of PIMF was made,
varying in this case the distance after the stenosis where the
measurements were taken. This was made in order to observe
the effect of the distance on the turbulence of the blood flow
caused by the stenosis. The stenosis degree was set to 50% of
the cross-sectional area. Measurements were carried out to
0,5cm, 1cm and 2,5 cm after the stenosis. Figure 10 shows
that the stenosis has an important influence in the profile of
the blood flow velocity. This effect is clearly observed when
the measurement is taken near to the stenosis, for instance at
the distance of 0.5cm. However, it is also observed when the
distance to the stenosis increases (distance of 2.5cm), the
laminar profile of the flow recovers, this being similar to the
cases without stenosis.

Figure 8. PIMF ( 30%, 40% & 50% degree of stenosis,
measurement at 0.5 cm after the stenosis)

Figure 10. PIMF ( fix 50% degree of stenosis, measurement
at 0.5 cm, 1cm and 2.5 cm after the stenosis)
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Conclusions

The study of the effects caused in the velocity profile of the
blood flow through a stenosis, is of particular importance for
blood flow instrumentation of quality. This work has
presented a study of the spectral response of Doppler
ultrasound signals in the measurement of the blood flow
turbulence caused by stenosis. Also the development of a
system able to measure these effects in a controlled form have
been presented. It has been observed that the degree of
stenosis affects the characteristics the blood flow in different
ways. PIMF presented significant variations due to the
increase of the speed when diminishing the cross-sectional
area of the artery. In the same way an increase in the RMS
bandwidth due to a higher amount of frequency components
produced by the turbulence has been observed.
The study has also demonstrated that when moving away of
the stenosis the flow recovers its previous laminar
characteristics, indicating the ranges that the stenotic effect
causes in the blood. The results described in this work,
represent an initial study to demonstrate a suitable use of
Doppler ultrasound in order to evaluate the degree of stenosis
in vessels. Future work must be addressed to model the blood
flow phantom more accurately by including more
representative variables of the system that incorporate other
aspects of the dynamics of the blood and the blood vessels.
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Abstract-This paper presents the application of a sequential
forward floating search (SFFS) method to classify the EEG
and fMRI patterns obtained from subjects responding to
different types of visual tasks. A matrix reasoning task was
administered to subjects, with control questions also being
presented that required them to perform a simple counting
task. Both tasks stimulate the visual system, while the matrix
reasoning task also requires higher level cognitive processing.
The SFFS algorithm was used to classify the subjects response
patterns as measured by fMRI and EEG. Using features
obtained from EEG channel power, coherence and averaged
fMRI voxels, the system achieved 72.6% classifier accuracy
when grouping the results from several subjects. When
classifying response patterns as either counting or reasoning
for a single individual, classification rates were as high as
100%. Such unique applications of the SFFS algorithm may
be particularly useful in identifying key features in multimodal
data sets.
Keywords: Sequential floating forward search (SFFS), fMRI,
EEG.

1 Introduction
Functional magnetic resonance imaging (fMRI) and
electroencephalography (EEG) are two modalities that provide
different insights of brain function. EEG is a direct measure of
(mostly cortical) neural activity whereas fMRI is a measure of
the blood oxygenation level dependent (BOLD) response to
neural activity throughout the brain. It is a well known fact
that different types of activities elicit different EEG and fMRI
responses.
Pattern recognition systems have been designed for
various tasks based on either EEG or fMRI [1]–[4]. Although
there have been several models that combine EEG and fMRI
[5]–[7] these have aimed to estimate neurological source
output and locations. Typically, either fMRI voxel activation
maps are used to constrain EEG source localization, or EEG
temporal patterns are correlated to the fMRI BOLD response.
Most often, the comparison is done using a motor task or a
standard evoked potential. Both of these types of tasks have
fairly well defined responses often well defined areas within
the brain that are expected to be active.

While fMRI and EEG provide similar information, the
information contained in the two modalities should be viewed
as complementary and not redundant. Because the two
techniques are measuring different but complementary
information, combining the data from each measurement
should yield additional information, particularly if the data are
being used as features in a pattern recognition system
designed for diagnosis or classification.
This paper presents a pattern recognition system based on
EEG and fMRI features obtained during an experiment that
compares the response to a visual reasoning task to the
response to a basic visual stimulus that requires subjects to
count items without extensive visual or spatial reasoning. The
goal of the pattern recognition system is to distinguish
between responses to the counting task versus the reasoning
task. Our methodology employs a classifier trained on features
from EEG coherence, EEG channel power, and fMRI
activation patterns. Our hypothesis is that the use of two or
more modalities would be more effective than the use of a
single one in classifying reasoning and counting tasks based
on neurological brain activation following a stimulus.
Section 2 of this paper provides details about the
participants and methodology of this study. Our results are
described in Section 3, while conclusions are drawn in Section
4.

2 Methodology
2.1

Subjects, Matrix Reasoning Test and Data
Acquisition

Six subjects, five male and one female, aged between 22
and 31 and all right-handed, volunteered by written consent to
participate in this study. EEG and fMRI records were taken, in
separate sessions, while each subject was taking a matrix
reasoning test modified from the Raven’s test [8].
The task employs two types of visual stimuli in the form
of images, one that involves spatial reasoning, and a control
task that involves counting. In the counting task, a number of
objects are displayed in an image and the subject presses a
button corresponding to the correct number of objects. In the
(spatial) reasoning task, an incomplete pattern is displayed in
an image; the subject presses a button to select the answer
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choice that best completes the pattern. For EEG acquisition,
all images were displayed on a computer monitor in an
electrically isolated chamber. For the fMRI, images were
projected onto a screen that the subject could see through a
mirror. For both EEG and fMRI, each question was displayed
for nine seconds, followed by a three second rest period
during which a blank screen was displayed. Thus, a block
design was used in which 18 counting and 18 reasoning
images (including the rest periods) were displayed in total, in
alternating groups of three: 3 counting images, followed by 3
reasoning images, and then 3 counting images, and so on.

2.2

Preprocessing and Feature Extraction

A standard 10-20 system of electrode placement with a
referential montage (reference placed at Cz) was used to a
record each subject’s EEG while they took the spatial matrix
reasoning test. A 32 channel Neuroscan SynAmps RT digital
amplifier was used to acquire the data, at a sampling rate of
500 Hz. A STIM system provided the stimuli (i.e. the images)
and trigger signal for the acquisition system. A 0.5 to 50 Hz
bandpass filter applied to the data in order to reduce low
frequency drifts and high frequency noise. A 1.2 second epoch
was created for each question, beginning with the presentation
of the stimulus. In most cases, the epoch record ended before
the button press response by the subject. The analysis did not
include any EEG recordings during the resting phase of the
task. Each epoch was then exported to MATLAB, which was
used to calculate average coherence and average power within
the delta, theta, alpha, and beta frequency bands. The
coherence was determined between channels that represent far
coherence as described by Locatelli [9]: O1-Fp1,O2-Fp2, O1F7, O2-F8, O1-F3, O2-F4, P3-Fp1, P4-Fp2, P3-F7, P4-F8, P3F3, P4-F4, T5-Fp1, T6-Fp2, T5-F7, T6-F8, T5-F3, and T6-F4.
The average power was also determined for each channel in
the four main frequency bands.
For every subject, an fMRI was recorded with a 1.5 T GE
Signa MRI scanner while they were taking the matrix
reasoning test. The whole volume of the head was scanned
every 3 s, i.e., TR = 3 s. Thus, there were three full head scans
for each stimulus duration. Each scan of the head volume
comprised 64 × 64 × 30 = 122880 voxels. In order to reduce
noise, the brain extraction tool (BET) of FSL was used to set
all voxels outside the brain area of each scan to zero. The
three scans within each stimulus duration were averaged to
obtain one average scan. The resulting images were registered
to a common space using FLIRT linear registration tool in
FSL. Neighboring voxels were averaged to reduce the
dimensionality of the feature space. To determine whether
such voxel averaging adversely affected the classification
rates, two sets of averages were created. The first reduced the
number of voxels to 16 x 16 x 6 while reduce the number of
voxels to 32 x 32 x 15.
The feature vectors were formed by the responses of a
subject to specific questions. There were 36 feature vectors for
one subject (18 reasoning +18 counting questions) if all

responses to questions were kept as features. The number of
features varied for different modalities. For EEG channel
power, 128 features for each subject were obtained (2 types of
questions × 16 channels × 4 frequency bands) while for EEG
coherence, 144 features for each subject (2 types of questions
× 18 channel pairs × 4 frequency bands) were obtained. For
fMRI, 1536 and 15360 features were obtained for the
16×16×6 and 32×32×15 number of voxel sets, respectively.

2.3

Feature Extraction

A slightly modified sequential forward floating search
(SFFS) [10] was used for selecting features from the EEG
coherence and power and from the fMRI response. Being a
wrapper method of feature selection, SFFS is able to select a
group of features that include features that may lead to poor
classifier performance on their own, but lead to good
performance when in a group with other features. Fig. 1 shows
our SFFS algorithm, where J(X) denotes the classifier
accuracy with the feature set X.
SFFS Algorithm
Y = {yj | j = 1, …, D}
Y is the set of available features
Output:
Xj = {xj | j = 1, …, k, xj ∈ Y}, k = 0, 1, …, D.
Initialization: X0 = { }, k = 0. Run Step 1 once.
Termination: When k equals the number of features
desired, or if Xk remains the same after successive
iterations.
Input:

Iteration:
Step 1 (Inclusion)
x + = arg max J ( X k + x)
x∈( Y − X k )

where x+ is the highest performing feature with
respect to Xk.
Xk+1 = Xk + x+; k = k + 1
Step 2 (Conditional Exclusion)

x − = arg max J ( X k − x )
x∈X k

where x- is the least performing feature in Xk
if J(Xk – {x-}) > J(Xk-1), then
Xk-1 = Xk – x-; k = k – 1
go to Step 2
else
go to Step 1
Fig. 1. The SFFS algorithm used in this study.

The SFFS algorithm works in the following way. Each
feature is evaluated for classification accuracy. The feature
that yields the highest classification rate is first selected. It is
then paired successively with each remaining feature and the
pair yielding the highest classification rate is then selected. A
third feature is then combined with the two features selected in
the previous step. Each remaining feature is used as the third
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feature until the highest classification rate is achieved. This
process continues until a user-set maximum number of
features is found. If additional features result in lower
classification rates, the smaller number of features is used as
the final feature set.
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that there are significant subject to subject variations in the
data, a fact previously noted when analyzing the data
associated with this task [11].
The results of the SFFS algorithm in classifying task
response based on EEG power are shown in table 2.

TABLE 1 OCR from fMRI Features
Subjects

TABLE 2 OCR and EEG Power Features

OCR (%)
with Feature Size:
32×32×15
94.4

1

86.1

60 24 18 16 34 4 12

1

OCR (%)
with Feature Size:
16×16×6
91.7

2

82.8

44 15 1 51 14 17

2

80.6

94.4

3

80.1

11 5 13 60 12 14 22

3

88.9

86.1

4

80.6

39 60 42 51 19

4

97.2

100

5

88.9

22 28 8 47 14 30 19 31

5

94.4

86.1

7

88.6

27 60 12 21 62 3 14 36 51 2 7 20

6

83.3

94.4

Group

64.4

56 12 10 60 17 16 51 55 25 33

7

88.9

91.7

Group

56.0

67.5

2.4

Pattern Recognition Details

Our goal was to evaluate the effectiveness of the SFFS
approach in selecting features that yield high classification
rates between counting and reasoning responses as measured
by fMRI and EEG using features sets from each technique
both separately and in combination. A linear discriminant
analysis (LDA) classifier was chosen for this study. The leaveone-out method was used to estimate classifier performance.
The overall classification rate (OCR), the percentage of
correctly classified patterns irrespective of class, can be
obtained as the weighted arithmetic mean of all classification
rates (CRs) of a given classification task. The OCRs were
determined independently for each subject for EEG coherence,
EEG power, and fMRI activation by using the respective
features associated with counting questions versus reasoning
questions. The same overall classification rates were
determined for the group of all six subjects taken together.
These calculations were then repeated for a combined feature
set that included all of the features from EEG power, EEG
coherence, and fMRI, for classification of task response within
a single subject and for the group of six subjects.

3

Results and Discussion

The results of the SFFS analysis for fMRI features are
shown in Table 1. The OCRs obtained for Subjects 1 through
7 vary from 80 to 100 percent. Subject 6 is included in the
fMRI analysis; however due to corrupted EEG data, subject 6
is not included in EEG or combined analysis. For every
subject except subjects 3 and 5, the classification rates
improved when the number of voxels in the data set was
increased from 16x16x6 to 32x32x15. The group analysis
(classification of counting versus reasoning for all subjects)
shows much lower classification rates, 56% and 67.5% for the
smaller and larger data set sizes respectively. The fact that the
group analysis has such a lower classification rate indicates

Subjects

OCR (%)

Selected features from EEG power

As seen in the table, classification rates are slightly lower
than those obtained using fMRI data. Table 3 lists the specific
frequency range and channel location for each feature. Note
from the table that many of the features appear multiple times
and are common across almost all subjects, for example,
feature 60 which according to Table 3 is beta power at channel
location P4.
TABLE 3 Feature Numbers for Channel Power Ranges
Channels

Delta

Theta

Alpha

Beta

fp1

1

17

33

49

fp2

2

18

34

50

f3
f4

3
4

19
20

35
36

51
52

c3

5

21

37

53

c4

6

22

38

54

f7

7

23

39

55

f8
o1

8
9

24
25

40
41

56
57

o2

10

26

42

58

p3

11

27

43

59

p4

12

28

44

60

t3

13

29

45

61

t4

14

30

46

62

t5

15

31

47

63

t6

16

32

48

64

The pattern recognition results based on EEG coherence
are shown in Table 4. The classification rates using EEG
coherence are higher than EEG power for all subjects except
for subjects 3 and 7. The channel pairs represented by the
feature numbers shown in table 4 are defined in Table 5. For
example, feature 38 represents average coherence between
channel pair o2 and fp2 in the alpha frequency range.
Tables 2 and 4 also show the group OCR based on EEG
power (64.3%) and EEG coherence (64.7%), respectively.
Like the fMRI classification result, the overall classification
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rates are significantly lower for the group of all subjects that
for one individual subject, indicating once again a high level
of subject to subject variation. In each case the maximum
number of features was set to 12.

1
2
3
4
5
7
Group

OCR (%)

TABLE 6 OCR and EEG Power Features After Increasing Features
Subjects

OCR (%)

Selected Features from EEG Power

1

100

EEG coherence

2

100

35 5 1 38 19 39 17
38 35 55 41 39 9 64 1 2 5
11 3 44 24 59 12 4 20 15 23
6 33 50 24 12
63 33 25 19 69 44 10 38 32 30
29 21 7 6 39 42 52
20 50 6 41 47

3

100

4

97.2

5

97.2

7
Group

94.3
69.0

60 24 16 48 41 39 27 54 49 11 26 61 21 14
17 7 56 4 64 23 55 30 22 37 45 6
1 17 18 2 52 25 59 39 41 55 42 19 46 51 53
22 15 45 6
13 54 38 46 5 31 4 56 50 15 29 44 35 37 3 16
7 61 62
60 51 44 23 16 48 18 32 47 26 40 49 12 11
38 41 25
22 47 19 31 25 36 35 49 15 1 9 2 38 34 32
12 53
27 60 12 21 62 14 51 35 22 19 13 8
56 60 23 8 24 38 12 1 44 39 7 42 26 19 9

TABLE 4 OCR and EEG Coherence Features
Subjects

produced better results than the use of EEG or fMRI
independently, although only slightly better.

Selected features from

91.5
94.4
77.3
88.6
97.1
82.7
64.8

TABLE 5 Feature Numbers and Coherence Channel
Pairs for Frequency Ranges
Channels

Delta

Theta

Alpha

Beta

o1-fp1
o2-fp2
o1-f7
o2-f8
o1-f3

1
2
3
4
5

19
20
21
22
23

37
38
39
40
41

55
56
57
58
59

o2-f4
p3-fp1
p4-fp2
p3-f7
p4-f8

6
7
8
9
10

24
25
26
27
28

42
43
44
45
46

60
61
62
63
64

p3-f3
p4-f4
t5-fp1
t6-fp2
t5-f7
t6-f8
t5-f3
t6-f4

11
12
13
14
15
16
17
18

29
30
31
32
33
34
35
36

47
48
49
50
51
52
53
54

65
66
67
68
69
70
71
72

Better OCR was found for each subject and group when
the maximum number of features was increased. Table 6 and
table 7 show the selected EEG power features and coherence
features with their OCRs after the maximum number of
features was increased to 50. In table 6, power feature 60 was
still most active. In the table 7, coherence feature 50 was
found to be a key feature in 3 subjects; this feature only
showed up in 1 subject when fewer features were used. This
may mean that the most relevant features will become
apparent when the maximum number of features is increased
in the algorithm.
Finally, the EEG power, coherence and fMRI features for
6 subjects were combined to discriminate the task responses
with the SFFS algorithm. The maximum number of features
was set to 50. The OCR of this group analysis for the
combining features was 72.6% which showed that the
classifier trained by a combined set of EEG and fMRI features

TABLE 7 OCR and EEG Coherence Features After Increasing Features
Subjects

OCR (%)

Selected Features from EEG Coherence

1
2
3

100
100
100

4

100

5

100

7

100

Group

70.0

35 5 1 19 51 2 56 4 45 39 22 46 15 14 65 42
55 41 9 23 4 24 14 40 8 61 19 29 57 64
11 3 44 12 20 14 5 71 10 68 70 25 48 53 61
32 39 34 4 22 56 57 15 7
50 2 7 9 11 52 21 62 10 43 46 49 35 4 8 48
20 41
63 19 69 30 2 48 52 5 53 50 9 34 20 27 40
45 47 38 21 67 36 58 72 32 16
21 50 40 29 18 41 62 36 51 38 53 60 26 56
2 14 45
50 32 56 6 54 12 30 24 70 71 18 9 55 22 34
33 35

4

Conclusion

A methodology was employed that combines information
from two modalities, EEG and fMRI, to determine whether a
task performed during a matrix reasoning test could be
distinguished from a simple visual task (counting). The SFFS
algorithm was used to determine the features providing the
most accurate classification. FMRI features from 7 subjects
and EEG power and coherence features from 6 out of the same
7 subjects were analyzed and OCRs were determined. A
higher classification rate for all modalities was achieved when
the maximum number of features in the analysis was increased
from 12 to 50, both for group and individual analyses. The
OCR was significantly higher for individual subjects when
classifying reasoning versus counting than it was when the
analysis was done for the entire group. This implies that there
are significant individual variations in brain response to the
counting and reasoning task, and that the differences are
slightly mitigated when using large feature sets and combining
features across modalities.

5
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1. Introduction
Hydrogen-1 (1 H) magnetic resonance (MR) spectroscopy
allows noninvasive in vivo quantification of metabolite concentrations in brain tissue. Nowadays, 1 H-MRS has proven
its value as a powerful tool in the clinical assessment
of several pathologies –as epilepsy, multiple sclerosis and
several types of cancer, see e.g. [1], [2]. Its application in
brain tumor oncologic diagnosis carries tremendous benefits
to patients, relieving them from complicated surgical procedures and their collateral difficulties.
The use of systematic approaches based on 1 H-MRS data
for the diagnosis and grading of adult brain tumors is subject
of an extensive scientific research. One of these growing
approaches takes as a backbone well-established machine
learning techniques acting as model building methodlogies to
discern and predict several classes of brain tumors. Previous
work typically focuses on discriminating normal tissue from
high grade malignant tumors, low grade malignant tumors,
meningiomas, as well as other rare tumors or super-classes
thereof [3], [4], [5]. In this work we go a step beyond
by concentrating on the specific internal separation of the
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Abstract— Hydrogen-1 magnetic resonance spectroscopy
( 1 H-MRS) allows noninvasive in vivo quantification of
metabolite concentrations in brain tissue. In this work two
of the most aggressive brain tumors are studied with the
purpose of differentiating them. The challenging aspect in
this task resides in that their radiological appearance is
often similar, despite the fact that treatment of patients
suffering these conditions is quite different. Efforts to differentiate between these two profiles are getting increasing
attention, mainly because the consequences of performing
an incorrect diagnosis. Due to the high dimensionality,
initiatives oriented to reduce the description complexity
become important. In this work we present a feature selection algorithm that generates relevant subsets of spectral
frequencies. Experimental results deliver models that are
both simple in terms of numbers of frequencies and show
good generalization capabilities.

Fig. 1: Mean spectra for Glioblastomas (left) and Metastases
(right).

superclass formed by the high grade malignant tumors, differentiating from Glioblastomas and Metastases. Although
their radiological appearance is often similar, the clinical
management of patients suffering any of these conditions is
quite different [6]. This circumstance may lead to a surgical
biopsy for a definitive diagnosis, an undesirable situation in
general. Therefore, the use of non-invasive techniques and
the discriminative power of the derived information is ever
encouraged in this setting.

2. High-grade gliomas and Metastases
Glioblastomas (GLI) are the most common and most
aggressive type of primary brain tumor in humans and
account for the 52% of all parenchymal brain tumor cases
and 20% of all intracranial tumors. It affects mainly male
patients aged 45 to 55, with a survival expectation of around
40 weeks after diagnosis and medical treatment [7], [8].
Brain Metastases (MET), which amounts about 35% of
all cancer patients, are a major cause of death from cancer.
Properly speaking, METs are not originated in the Central
Nervous System (CNS). Their source is mostly based in
lung cancer, breast cancer, melanoma, renal cancer and
colon cancer. Mutated cells are spread out trough direct
invasion to normal brain tissue or by alternate routes like
the lymphatic and blood vessels circulating through the
bloodstream. Patients with brain metastases at best reach
a mean survival expectation, after whole brain radiotherapy,
of a little more than seven months [9], [7].
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The radiological appearance of GLIs and METs is quite
similar. Figure 1 depicts Mean Long-Echo Time spectral
plots of both pathologies put side by side. Their similarity
in metabolic levels, with the most prominent peaks in the
Choline (Cho) zone, the Lipids-lactate region and Phosphocreatine (PCr), can be clearly seen. METs commonly show
moderate to marked reduction of N-Acetyl aspartate (NAA, a
major brain metabolite), a decreased Cr signal, and elevated
Cho. Also, some metastases may also contain considerable
concentrations of lipids [10].
As mentioned, efforts to overcome the difficulty of differentiating between these two profiles are scarce but are acquiring increasing attention. For instance, the authors in [6]
studied short echo time spectral data from 23 glioblastomas
and 24 metastases. An ad-hoc tool to analyze metabolites
concentrations was used; they concluded that Lipid and
Macromolecule signals can provide a significant discrimination. Further, [11] studied 43 patients having one of these
two conditions. The method used was based in MR imaging
and a kind of special signal processing called Dynamic
Susceptibility Contrast Perfusion MR imaging; the study
concludes positively about differentiating the two classes of
tumor.
In the same line of research (MR imaging), several image
processing techniques have been used to asses possible
differences, which are compared with non-parametric statistical tests [12]. A logistic regression analysis with forward
stepwise selection yields an AUC of 0.98. Unfortunately,
in this work the presence of a validation scheme used to
assess the true generalization ability of the proposed model
is not fully specified. Thus, the possibility of an overfitted
model cannot be discarded. Very interesting is recent work
that extract features from 67 brain MRI data set and uses
bagging (bootstrap aggregation with the majority vote rule)
to classify known metastases, gliomas and meningiomas
[13]. From five extracted features, an exhaustive search
was done in order to find the optimal subset of features
that feeds the classification stage. This proposal reaches as
much as 97% of accuracy on discriminating Glioblastomas
from Metastases. However, the best optimal subset has no
medical interpretation due to the fact that the features were
obtained from some purely mathematical transformations
–e.g. symmetry of normal distributions, inverse difference
moments and difference in variances.
More recent work [14] using MRI imaging analyzes a
multi-centre 1 H-MRS brain tumor database [15]. A wrapper
feature selection process uses direcly the performance of
a single-layer perceptron (SLP), under the assumption that
irrelevance affects negatively the predicted outputs of the
SLP and thus can be used to detect irrelevant frequencies
(seen as features of the model). A backward search strategy
governs the Feature Selection (FS) process and stratified 5x5
cross-validation is carried out to choose among competing
models (characterized by different sets of frequencies) and to
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estimate generalization ability. In this experimental setting,
a remarkable 94.40% of accuracy (with 27 spectral frequencies) was reached.
Algorithm 1 Forward-Backward Spectral Selection
1: Input: S = {s1 , . . . , sn }: Full feature set;
C: Class feature
J : 2S → R: performance measure, to be maximized
2: BEST ← {argmax J({si })}; j cur ← J(BEST )
si ∈S

3: S ← S \ {BEST }
4: repeat
5:
***Forward Stage***
6:
snew ← argmax J(BEST ∪ {si })
si ∈S

7:
8:
9:
10:
11:
12:
13:
14:
15:

j new ← J(BEST ∪ {snew })
if j new > j cur then
BEST ← BEST ∪ {snew }
j cur ← j new
S ← S \ {snew }
end if
***Backward Stage***
repeat
snew ← argmax J(BEST \ {si })
si ∈BEST

16:
j new ← J(BEST \ {snew })
17:
if j new ≥ j cur then
18:
BEST ← BEST \ {snew }
19:
j cur ← j new
20:
end if
21:
until BEST does not change
22: until BEST does not change
23: Output: BEST : Best Spectral Subset

3. An algorithm that selects subsets of
spectral points
In this work we analyze this last problem, but tackling it with a simpler method. An interleaved ForwardBackward Feature Selection search is developed looking for
the improvement in performance of several classification
algorithms. The FS strategy needs no parameter optimization
and its initialization responds to a simple deterministic
criterion. Therefore, it yields an affordable solution in terms
of difficulty of implementation, computational speed and
interpretability by non-experts in machine learning methods.
The algorithm is described in the listing Algorithm 1, and
named FBSS: Forward-Backward Spectral Selection. Given
a performance measure, to be maximized (e.g. the resampled
evaluation of a classifier in a data sample), the algorithm
adds and removes, in a step by step fashion, spectral points
with the aim of improving current performance.
Specifically, in every iteration of the outer loop, one
feature is added to the current best solution BEST , as long
as this step improves on current performance j cur . Then
a variable number of feature removal steps is carried out,
inasmuch the same condition of improved performance is
met. This scheme is oriented to favour solutions with low
numbers of features. The outer iteration also ends when no
further improvement is observed. This strategy bears some

416

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

resemblances with a floating search algorithm in its forward
version [16]. However, it has a far lower computational
cost given that discarded features are not considered again
for another inclusion round. Note also that current subset
performance is not compared specifically against the best
performance achieved for the same size of the current subset
(as floating methods do).

Table 1: LET 10x10 cross-validation classification results
(average and standard error). α indicates the value of the
hyper-parameter (if any): k for kNN and C for the lSVM;
the ppm column expresses metabolites (in ppm) of the BEST
spectral subset obtained for the LET data set.
Classifier Accuracy
LDC
86.21 ± 0.34

α
–
2

4. Experimental settings

NN

88.59 ± 0.26

The examined 1 H-MRS data is drawn from a database belonging to the International Network for Pattern Recognition
of Tumors Using Magnetic Resonance (INTERPRET), an
European research project aimed to develop systematic tools
to enable radiologists and other clinicians without special
knowledge or expertise to diagnose and grade brain tumors
routinely using magnetic resonance spectroscopy [15].
An essential variable in the acquisition of 1 H-MRS spectra
is the choice of echo time. With short echo times (around
20 milliseconds), larger numbers of metabolites are detected
(myoinositol, glutamate, glutamine), but it is more likely
that peak superimposition will occur, causing difficulty in
spectroscopic curve interpretation. By using long echo times
(>135 milliseconds), most metabolites in the brain are lost
(except that of choline, creatine, N-acetyl aspartate and lactate), but with better definition of peaks, thereby facilitating
graphical analysis [10].
The specific data set used is constructed by single voxel
1
H-MR spectra acquired in vivo from brain tumor patients
in two configurations: Long Echo Time (PRESS 135 to
144 ms), named LET, and Short Echo Time (PRESS 30 to
32 ms), named SET. Brain pathologies that conform both
configurations are distributed as following:
• LET: 195 cases which include 55 meningiomas, 78
glioblastomas, 31 metastases, 20 astrocytomas grade II,
6 oligoastrocytomas grade II and 5 oligodendrogliomas
grade II.
• SET: 217 cases with: 58 meningiomas, 86 glioblastomas, 38 metastases, 22 astrocytomas grade II, 6
oligoastrocytomas grade II, and 7 (SET) oligodendrogliomas grade II.
Glioblastomas (GLI) and Metastases (MET) were extracted in this study using both LET and SET data sets.
Moreover, a third configuration (named LSET) was prepared
in order to explore the discriminative power of the merged
LET and SET data, formed by the 195 common observations
of the LET and SET data sets.
Three well-known linear classifiers were used as a criterion function J: Fisher’s Linear Discriminant Classifier
(LDC), the k-nearest-neighbors technique with Euclidean
metric (kNN) and hyper-parameter k ∈ {1 . . . 15}; and the
Support Vector Machine with linear kernel (lSVM)1 and C

lSVM

92.43 ± 0.39 2−0.5

1 For the experiments, we use a MATLAB implementation; specifically,
for the SVMs we use the MATLAB interface to LIBSVM [17].

ppm
L3.79
L3.07
L2.75
L0.79
L3.83
L2.58
L1.34

L3.22 L3.03 L2.96 L1.32
L2.52 L2.08 L1.80 L1.49
L3.74 L3.39 L3.22 L3.15
L2.43 L2.08 L1.91 L1.65

Table 2: SET 10x10 cross-validation classification results
(average and standard error). α indicates the value of the
hyper-parameter (if any): k for kNN and C for the lSVM;
the ppm column expresses metabolites (in ppm) of the BEST
spectral subset obtained for the SET data set.
Classifier Accuracy α ppm
LDC
85.22 ± 0.25 – S4.23
S0.64
NN
86.48 ± 0.65 4 S4.19
lSVM
94.71 ± 0.22 2 S4.23
S2.98
S2.25

S3.51 S2.31 S1.46 S1.36
S2.63
S3.79
S2.71
S1.97

S2.18 S1.86
S3.38 S3.26 S3.09
S2.60 S2.46 S2.35
S1.36

Table 3: LSET 10x10 cross-validation classification results
(average and standard error). α indicates the value of the
hyper-parameter (if any): k for kNN and C for the lSVM;
the ppm column expresses metabolites (in ppm) of the BEST
spectral subset obtained for the combined LSET data set.
Classifier Accuracy α ppm
LDC
92.24 ± 0.23 – L4.25 L2.37 L2.33 L2.08 L1.57
L1.30 L1.25 S3.96 S3.24 S2.39
S1.72 S1.57
NN
88.32 ± 0.54 1 S2.69 S2.67 S2.63 S1.49 S1.48
lSVM
92.92 ± 0.21 2 L4.04 L3.96 L2.94 L2.63 L2.33
L1.25 S4.10 S3.28 S2.37 S2.35
S1.40

regularization constant as the only hyper-parameter (with
C = 2c , with c running from −7 to 7). In all cases, the FBSS
algorithm described above is used to maximize performance
of several classifiers estimated by means of averaged values
of 10x10 cross-validation (ten times 10-fold cross-validation
or 10x10cv for short).

5. Experimental results and discussion
Tables 1, 2 and 3 contain the experimental results on LET,
SET and LSET data, respectively. It is observed that the
lSVM classifier offers the best overall performance, specially
on the SET data set, with near 95% average 10x10cv accuracy and only 13 spectral frequencies. Similar results (around
92% of 10x10cv accuracy) are delivered by LET-lSVM,
LSET-LDC and LSET-lSVM with almost the same number
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of spectral points (11 or 12). A non-parametric Wilcoxon
signed-rank test is used for the (null) hypothesis that the
median of the differences between the errors obtained by
SET-lSVM against any of the combinations LET-lSVM and
LSET-lSVM is zero. This hypothesis has to be rejected at
the 95% level of confidence, thus showing a significant
difference in medians. The obtained p-values are shown in
Table 4 (right part). Figure 2 presents the mean spectra
of the two classes (Glioblastomas and Metastases) for the
SET data and the spectral points of the best solution: the
combined SET-lSVM model. It is observed that most of the
selected points fall into the regions that show a marked
difference between signals. Table 4 (left part) gives the
10x10cv confusion matrix for the SET-lSVM model.

•

•

•

31

Glioblastomas
Metastases
SET-lSVM

26
21

•

16
11

•

6
1
0.64

0.83

1.02

1.21

1.40

1.59

1.78

1.97

2.16

2.35

2.54

2.73

2.92

3.11

3.30

3.49

3.68

3.87

4.06

•
4.25

-
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in cell growth. Altered levels have been linked with
Alzheimer’s disease, hepatic encephalopathy and brain
injury.
S3.09: Phenylalanine: An aromatic amino acid that
presents elevated readings in phenylketonuria, an abnormal phenylalanine metabolization.
S2.98-2.60
Glutathione-Cysteine,
GlutationeGlutamate: An anti-oxidant essential for maintaining
normal red-cell structure. Altered levels have been
reported in Parkinsons’s disease and other neurodegenerative diseases.
S2.71-1.97 NAA-Aspartate, NAA-Acetyl: The NAA is a
free amino acid whose function is poorly understood,
but is is commonly believed to provide a marker of
neuronal density. Among the NAA grpous, the NAspartate (3 CH2 ) group and the N-Acetyl (2 CH3 )
group were selected.
S2.46-2.35 Glutamate-Glutamine: Glutamate is an excitatory neurotransmitter, which plays a role in mitochondrial metabolism. Glutamine plays a role in detoxification and regulation of neurotransmitter activities. These
two metabolites resonate closely together.
2.25 Valine: An essential amino acid necessary for
protein synthesis.
S1.36 Lipids/Lactate peak: seen in condition of necrosis.

ppm

7. Conclusions
Fig. 2: The subset of spectral frequencies used by the SETlSVM model that yields best performance –see Table 2– as
positioned in the full metabolic spectrum.

Table 4: Left: Averaged 10x10cv accuracies expressed as
a confusion matrix for the SET-lSVM model. True class
falls vertically. Right: Wilcoxon signed rank test p-values
comparing LET-lSVM and LSET-lSVM models against SETlSVM.
True
Class
GLI
MET

SET-lSVM
GLI
MET
7.26 ± 0.07
0.34 ± 0.06
0.21 ± 0.04
2.19 ± 0.05

LET-lSVM
LSET-lSVM

SET-lSVM
0.002
0.006

6. Biological interpretation
The metabolic definition of the subset of spectral points
depicted in Figure 1 is as follows [18]:
• S4.23 Threonine: A large neutral amino acid.
• S3.79 Alanine: A nonessential amino acid that has been
observed in increased levels in meningiomas.
• S3.38 Scyllo-inositol: An isomer associated in high
levels with Alzheimer’s disease.
• S3.26 Myo-inositol: Its function is not enough understood, although it is believed to be a requirement

Despite being a non-invasive technique that provides rich
information about the biochemistry of brain tissue, 1 HMRS is still not fully consolidated as a standard method
for clinical diagnosis. To become a recurrent tool, 1 H-MRS
algorithms or machine learning proposals must be robust
and highly reliable. Working towards this direction, the
solutions reported in this paper give a drastic reduction in
dimensionality with competitive performance in subsets of
spectral points from a 1 H-MRS data set of brain tumors.
Two classes of brain tumors were explored, Glioblastomas
and Metastases which present a certain degree of similarity
in their radiological spectrum, making their differentiation
a difficult undertaking. In light of the promising obtained
results using FBSS under the described experimental settings
and considerations, some conclusions can be pointed out:
• Feature selection appears to be a solid step in dimensionality reduction in this addressed problem.
• With less than 10% of spectral points (13 out of 195, for
the obtained SET-lSVM model), near 95% of accuracy
can be achieved discriminating Glioblastomas from
Metastases.
• Of the three data sets, given by two echo times and their
fusion, the SET data set delivers better performance,
confirming previous findings [5].
• The resulting subset of selected spectral frequencies has
a medical interpretation in terms of known metabolites
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–see [18]–, which may become helpful to radiologists
as an aid in medical diagnosis.
Future research in this path will include studying more
than two classes (tumour subtypes) and exploring the potential of other low-complexity classifiers.
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Abstract: Automatic Identification and Data Capture
(AIDC) solutions are key to safety and traceability of
clinical processes in healthcare organizations. This is also
confirmed by the number of cases found in surveys.
Nevertheless, solutions implemented by providers often
target specific processes and don’t exploit the value of
synergies between different application fields: this because
they do not follow a systemic vision of investments
planning. In this paper we addressed this issue and
developed a model for the evaluation of AIDC technologies
projects in healthcare. This model identifies and rates
fundamental and means objectives of AIDC technologies
implementations, and then guides the assessment of the
value exploited by applications investigating user’s
feedback as a proxy of actual goals reached by
applications. The model proves a valuable tool both in
setting strategic priorities, and in assessing state-of-the-art
implementations in an organization. The model was first
applied by Fondazione Politecnico di Milano to evaluate
current RFId technology initiatives at the National Cancer
Institute in Milan.

1 Introduction
Hospitals, clinics and other healthcare providers constantly
engage to improve patient safety and increase efficiency. A
key issue in this effort is traceability and identification. On
one hand, this means keeping aware of and document all
medical acts performed on patients (e.g. entries on the
patient record) or steps in treatment production (e.g. dilution
of chemotherapy). On the other hand, healthcare staff is
made responsible for tracking patients, personnel, drugs and
equipment, inventory, and other resources. Moreover,
reliable information flows on processes are the basis for
identifying critical issues as well as risks, and start a
business process reengineering effort [1].
Information and Communication Technologies (ICT) indeed
deeply affect the management of information flows:
electronic data management allows to extend and strengthen
the capability to register, consult, search, elaborate and
transfer data of very different kinds and uses, to reduce
errors and enhance efficiency considerably by supporting
process traceability and safe identification of patients and
items. Automatic Identification and Data Capture (AIDC)

identifies tools for the identification and/or direct collection
of data into a computer system, programmable logic
controller (PLC), or other microprocessor-controlled device
without using a keyboard. AIDC technologies provide a
reliable means to identify, as well as to track items. It is
possible to encode a wide range of information, from basic
item or person identification to comprehensive details about
an item or a person. Many technologies can be involved in
AIDC solution: Bar Code and Card Technologies, Radio
Frequency Identification (RFId), Real Time Locating
Systems, etc.
This paper will describe a methodology developed to guide
and assess the implementation strategy of identification
technologies in healthcare organizations as a technology
platform shared among different business process. At first
we will provide a brief description of the current state of
diffusion of the AIDC technology in healthcare. Then, from
the observation of current state we will define the reason
why it is necessary to support healthcare organizations with
planning tools and how to use a model of evaluation can be
useful in these context. At last we describe the model and its
results to assess the applications developed by Fondazione
Politecnico, an academic institution promoting applied
research, technology transfer, education and dissemination
of scientific culture for the “Politecnico di Milano"
Technical University in Milan, and Fondazione IRCCS
Istituto Nazionale dei Tumori di Milano (the National
Cancer Institute in Milan, henceforth ‘Istituto’), a long-term
partner of Fondazione in the healthcare sector. Results
reached by the experience can be generalized and easily
adapted to be reused by other healthcare organizations.

2 The diffusion of AIDC technologies in
the Healthcare sector: a need for a
strategic approach
Until now the health-care industry did not invest much in
information technology; many processes still rely on paper
record-keeping and individual memory. But in literature we
can find many organizations having started AIDC
technologies implementation projects, in order to assure
internal identification and tracking procedures.
The tradition in healthcare facilities is to apply personal
bracelets to patients on admission, and identify all items
related to a patient by means of labels. Apart from
handwriting, barcode technology has been the first and most
used AIDC technology adopted by healthcare institutions:
now almost every document and item connected to a patient
(e.g. patient records face sheets, vials, receipts, blood bags,
drugs) gets a barcode number linking it to the patient’s
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identification codes (the type of chosen identifier could be
different within organizations). Also Identity Cards in
Europe and Social Security Cards in the US have barcode
printed on them to ensure quick access to citizen’s key
identifiers. Once a patient presents for admission, these are
the key data hospital admission systems need to open a file.
Moreover, the increasing use of bar code wristbands
(together with admission labels and systems) is now
enabling healthcare personnel to capture and verify data for
medication administration, transfusion verification,
specimen collection/tracking. Barcode is also the most used
technology in stock monitoring because, speeding up item
recognition and counting, it allows efficiency improvements
in activities and inventory management.
Other common implementations are Magnetic Stripe Cards,
but their main use is on staff badges and access control, not
intervening on other processes in organizations.
Technical evolution led also more sophisticated
technologies become ready for diffusion in the market, i.e.
mobile&wireless. RFId and other Real Time Locating
Systems are at the top of these. Such applications to people
and items usually extend capabilities previously offered by
barcode and handwriting, thanks to some key features:
wireless communication via radio signals (does not require
“line-of-sight” or mechanic readers), on board chip (allow
real time calculations), on board re-writable memory
(enables dynamic storage and update of data during
activities, as well as tag re-use), sophisticated
communication protocols (allows reading of multiple
items), possibility to embed energy sources (enables active
location and sensoring) [2, 3]. Such applications usually
implement disposable passive tags embedded in employees
identification cards or patient wristbands, usually activated
and assigned during admission. The tag may store data
ranging from the single pointer to a record in the hospital
information system database to a complete dataset about the
patient (personal data, record number, blood type, allergies,
ongoing treatments, portrait,..). A further feature is the
implementation of active tags in a WiFi environment: this
enables a more effective patient location and real time
monitoring of patient flows and of their progress in the care
process (particularly in the diagnostic phase or in the First
Aid station), thus also acquiring important data for process
and layout optimization, asset location and management of
maintenance activities. Other systems, coming directly from
operations support systems in the machinery sector, are e.g.:
sample tagging for automatic processing in the laboratory,
item tagging for blood bank or pharma cabinets control both
in the replenishment and in the picking phase, systems for
automated issue of medicine doses. A third high potential
cluster regards applications enabling a patient-to-object
cross-match. These applications can be successfully
implemented for example to control drug administration, in
the operating theatre, in the transfusion area [4].
These few examples show how AIDC may help healthcare
workers by enabling to automatically identify the location
of assets and patients, track inventory reduce the overprocurement and under-utilization of equipment, optimize
personnel’s time and increase caregiver job satisfaction, as
well as improve patient safety. In addition, data from such
systems that track assets and people could be used to

improve business processes, from First Aid triage clearing
to equipment maintenance and record-keeping.
It is interesting to evaluate the potential value of such
technologies to healthcare processes. Systems may vary
within a wide range of solutions, may implement different
technologies and may address almost any process. But
results provided by various surveys of implementations in
healthcare companies around the world [5, 6, 7, 8] show that
there is a lack of homogeneity in approaches and solutions.
Another evidence is about the way providers develop their
technology projects tending to start their innovative
initiatives giving local solutions to local issues, also because
many technologies are not at an “on-the-shelf” maturity
level, as well as due to the pervasiveness of such
applications in operating procedures. This approach doesn’t
evaluate the characteristics of ubiquity and versatility of the
technology; it doesn’t recognize all the potential application
scenarios; it doesn’t exploit economies of scales; it doesn’t
allow sharing of expertise and resources between similar
projects; it leads to the sub-optimization of the potential
value of solution. Moreover, the high variety in problems
and potential solutions has often induced organizations to
start a number of different projects as specific needs (e.g.
budget control over drug expenditure, automatic patient
identification in the Transfusion Service) became priorities
for department or hospital management.
In such scenario, technology is not regarded as a complete
solution supporting all processes for which traceability is an
important feature but as an application developed to support
a process without other possibility to create value. Actual
implementations start from specific project in a well defined
use case, and with difficulty spread to other fields and gain
cross-process/cross-application synergies.
To maximize the potential value of this kind of applications,
the problem has to be addressed in a structured way through
the strategic planning of interventions, establishing
priorities for action considering a general perspective.
Healthcare organizations need to approach the theme of
technological and organizational change not as a simple set
of activities, but as a strategic action that has to be planned
and implemented using adequate methodological
frameworks.
A broad literature review showed us that nowadays there are
not comprehensive frameworks to support managers solving
this issue. In 2008 Venkatesh and Bala [9] reviewed the
Technology Acceptance Model (TAM) defined by
Venkatesh and Davis in summer 1996 [10]. TAM and the
new version TAM3 have been widely adopted to predict
user acceptance and use of the innovation introduced in
business based on perceived ease of use and usefulness of
the technology. Another interesting model is the Task
Technology Fit (TTF) which, as articulated by Goodhue and
Thompson [11,12], has been used to provide the conceptual
basis for a user evaluation instrument aimed at an
organizational assessment of information systems and
services in the general task domain of managerial use of
recorded organizational information in decision making.
This instrument has been used to test propositions about the
antecedents of and the consequences of user evaluations.
These model are about the introduction of innovation based
on general technologies in companies. Other studies faced
the specific topic of the identification technology: Bendoly
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at al. [13] considered several elements that contribute to an
RFId infrastructure and to the perception of benefits of
implementation; Rotter [14], defined a framework for
evaluating security and privacy risks focused on RFIdspecific criteria; and at last Wu at al. [15] suggested the real
options theory like a tool to approach the decision making
about RFId investments. None of these researchers
addressed the topic in order to assess the value developed
by the utilization of the AIDC technology to support
internal business processes.
Such an approach must meet some key issues. How should
healthcare organizations approach the development of
AIDC technology projects in order to fully exploit their
potential value? Which are the synergies achievable
between processes? Which is the way to introduce
technology as a platform delivering services to all processes
needing traceability? Which are the most suitable
technologies given an organization’s needs? Which
priorities should be set first?

3 The model for evaluation of
applications scenarios for AIDC
technology in Healthcare
To address the fore-mentioned questions “Fondazione
Politecnico di Milano” developed a model for the evaluation
of application scenarios of AIDC technologies in healthcare.
The model proves to be a valuable tool both in setting
strategic priorities, and in assessing state-of-the-art
implementations in an organization.
The proposed model places itself in the theoretical
framework of Change Management Theories and the
Business Process Reengineering Framework (B.P.R.)[1].
Change management is a structured approach to
transitioning individuals, teams, and organizations from a
current state to a desired future state. It is the process during
which the changes of a system are implemented in a
controlled manner by following a pre-defined
framework/model with, to some extent, reasonable
modifications. Moreover, an integrated and systemic

BENCHMARK
ANALYSIS
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approach to technological and organizational evolution like
the BPR framework helps to identify all possible areas of
impact on processes and on the organization, and it is
essential to fully realize the potential of the solution and to
enable an all-round process and technology management.
The two frameworks set two moments of planning change: a
long-term strategic planning and a series of short-term
operational plans, one for each project that will start. For the
scope of this study, the final goal of the strategic plan will
be the introduction of the technology platform supporting
traceability and identification enterprise-wide, covering
specific fields by means of specific technology solutions.
Every further short-term plan has specific goals defined by
the kind of application, and sets all the interventions in
order to build and implement the solution given the
common platform defined above.
The evaluation model we describe aims at supporting top
managers in decision making to define the implementation
priority between different application scenarios and in
measuring strategic performance after implementation.
The proposed model is based on:
• P1 - The definition of the AIDC technology application
classes (benchmark analysis);
• P2 - The definition of goals relevant to the healthcare
sector value dimensions (approach by Heim,
Wentworth and Peng);
• P3 - The definition of an evaluation model (Keeney’s
value-focused method).
It can be represented like a matrix (Figure 1) composed by
the cases of AIDC technology applications and the goals
that can be met with the support of these applications.
Premise 1: Identification of coherent AIDC application
classes
A broad benchmark analysis on over 63 detailed providers
worldwide implementing AIDC technology solutions was
performed: we classified 87 applications. To define a
coherent classification system we started from
classifications proposed by national and international work
[6, 16, 17]. These classifications, structured to answer to

63 Business case
87 applications
7 Class of applications
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…

…
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Figure 1 - Development of the assessment model
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specific search questions, didn't fit with our need of
generality so, to define a new classification, we kept just the
requirements of completeness and homogeneity. The result
of the study was a seven category classification:
A. Patient and/or staff identification and tracking
B. Asset management and tracking
C. Clinical process traceability (blood, specimen and
drug management)
D. Management of surgical instruments
E. Inventory management and drug counterfeiting
F. Biological parameters management
G. Patient file management.
This classification was validated by the comparison with
ones considered at the beginning and others [7, 8] to verify
accuracy and consistency of our work.

Internet versus in physical stores. After customers response,
researchers tabulated, aggregated, and reduced customer
comments into a comprehensive list of representative
customer value dimensions. Keeney combined the customer
lists of values and converted them into statements of
customer objectives-fundamental objectives and means
objectives - which he related via causal means-ends
relationships. Fundamental objectives represent desired
outcomes of a service. Means objectives represent
operational aspects through which a customer’s desired
service experience can be achieved. Service system
designers can operationalize means objectives as service
features that customers interact with during service delivery.
Performing well on means objectives helps to achieve the
customer’s fundamental objectives for consuming a service.

Premise 2: Identification of value dimensions and strategic
objectives of AIDC applications

Model application

We started considering the work of Heim, Wentworth and
Peng [16] in which they examined how customer value may
be affected by deploying AIDC technologies (e.g. RFId)
within service processes. They analyzed qualitative survey
responses on the value gained from applications, in order to
identify a broad list of potential value objectives
(considering both benefits and drawbacks).
Items in each category were also rated according to their
perceived value for the panelists, calculated considering the
times panelists recognized a specific value item: the higher
responses, the higher ratings.
Following the same approach, Heim at al. surveyed a study
sample of individuals about their perceptions of the value
gained from numerous AIDC service application scenarios.
This led to identify salient value dimensions for return on
investment models of service RFId applications, that meant
identifying and rating their fundamental and means
objectives. The definition of the objectives relevant to us
required a selection of the relevant goals for the healthcare
sector from the list developed by Heim at al.. The three
researches defined in their list 36 objectives and for each
one they constructed an index in order to measure the
percent of respondents identifying each dimension.
According to the sources relating to potential targets for
AIDC technology applied in healthcare, two of the eight
fundamental objectives and nine of the twenty-eight means
objectives - whose satisfaction wasn’t considered significant
for healthcare companies - were deleted. Hence, the list of
target was reduced from thirty-six general item to twentyfive relevant goals. We quote here the six fundamental
objectives: process quality, operating costs, operating time,
data privacy, organizational impact, process safety.
Premise 3: Identification of a qualitative and quantitative
evaluation method
Heim, Wentworth and Peng adopted Keeney’s [19, 20]
value-focused thinking approach to analyze the answers. In
short, the approach guides the estimation of the value
exploited by applications investigating perception by actual
and potential users as a proxy of actual goals reached by
applications. Keeney asked different customers to evaluate
advantages and disadvantages in purchasing products on the

To explain the method of assessing applications against the
objectives, we must consider two steps of evaluation. The
first step is to define for each implementation which targets
have been achieved and which are not. Pros and cons will
be associated to the value dimensions that describe every
goal. So if a value dimension is mentioned the objective is
met otherwise the objective is not met: this is represented by
a vector of binary variables for each application. A goal is
achieved if at least one of its value dimension has been
recognized during the case analysis. The second step is to
calculate the value exploited by implementations: according
to Keeney and using the results produced by Heim at al., the
characteristic value of each application can be calculated as
the result of the dot product between the vector of the
weight of each objective and the vector of binary variables
representing which targets have been achieved, as shown in
in the equation below:
25

Ai = V(v1, .. , vn) • Yi (yi,1, .. , yi,25) =

∑v • y
j=1

j

i, j

(1)

The value of the model is both normative and evaluative
and so it can be applied both before and after the
implementation of an AIDC technology solution. The
evaluative power of the model lies in the opportunity to
measure the value exploited by projects implemented by the
organization. This can be useful to:
• Assess the effectiveness of a project (comparing results
of similar projects between different organizations);
• Monitor the differences between what was planned and
what was done (comparing the characteristic value of the
project calculated “ex-ante” and “ex-post”);
• Assess the overall coherence of actions (comparing the
characteristic value of projects in different fields
performed by the organization).
To explain the normative value we refer to the possibility to
apply the model “ex-ante” to acquire more information for
decision support about available strategic options, and use it
to:
• Identify different business opportunities;
• Define which application to implement in order to
satisfy pre-determined targets;
• Define the priority to the implementation of applications
based on functional interdependence.
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4 Use of the model. Business case:
Fondazione IRCCS Istituto Nazionale
dei Tumori in Milan (Italy)
Founded in 1925, the Fondazione Istituto Nazionale dei
Tumori in Milan is recognized as a Scientific Research and
Treatment Institution (IRCCS) and has achieved renowned
excellence in the field of pre-clinical and clinical oncology.
More than 350 research projects are currently under way,
bringing to nearly 300 international scientific papers
published each year. The Institute employs approximately
1,900 people, provides care services for about 14,000
inpatients, 12,000 day-hospital admissions, 900,000
outpatients and performs more than 15,000 surgical
treatments (including 28 liver transplants) each year. Since
2005, the collaboration with Fondazione Politecnico and
Hewlett-Packard, led to the development of an RFId
traceability platform to support clinical processes. At
Istituto RFId projects have already been awarded
international prizes (IDC EMEA 2007 Award for ICT
Innovation, EU e-Business W@tch Case Study,
international presentations). Hence, we decided to assess
this business case in order to validate the model.
The experience on RFId technology at the Istituto started in
2005, the development of a prototypal monitoring tool and
control system for the transfusion procedure, all the way
from the selection of a bag to the completion of a
transfusion in a small oncology ward. After this, the idea of
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extending transfusion traceability enterprise-wide suggested
the need of the first application to be consolidated and
extended to support other processes with high traceability
needs. Staff had to be provided by RFId identification
badges and WiFi handheld terminals (PDA), WiFi access
points had to be placed in each ward, printing devices for
RFId tags had to be installed to replace common paper
adhesive labels in specific areas. This had impacts also on
procedures in the wards, above all as far as concerns patient
identification. In fact, patient RFId wristbands were chosen
as unique patient identification device, to which all
following applications had to refer to. Ongoing RFId
projects at the Istituto are identified in the following Table:
physicians and nurses can use PDAs fitted with RFId
antennae or RFId readers installed on desktop PCs to
identify patients, check them during procedures (e.g. to load
the patient’s surgery file as soon as he enters the operating
room), cross-match patients with items. In many clinical or
research areas, the RFId platform supports patient and item
identifications, and guides the worker through the critical
steps of procedures. Thus, each software collects
traceability data regarding activity in the wards and
provides them to the appropriate subsystem of the hospital
information system (e.g. data on tissue samples collected in
the operating room are sent to the biobank management
system before the sample arrives in the laboratory).

Application Classes

Projects at the Istituto

Description / Key features

A. Patient and/or staff
identification and
tracking

Enterprise-wide RFId wristband
patient identification and staff
badges (live)
Patient file loading in the
operatory theatre (ongoing)
Contact&contactless operator
smart card (feasibility)
Safe transfusions and blood
traceability in the ward (live)
Interoperability model for RFId
identification of blood bags in
the Lombardy Region (pilot)

At admission patients are provided with a wristband,which gets
initialized bedside using a WiFi PDA, fed with data from the
central patient registry.
Staff have their own RFId badge for self identification, access
control, RFId application authentication.
Surgery file is loaded as soon as patient is checked-in the
operating theatre by reading its wristband.
RFId tags are stuck on sample tubes and bags. Staff can verify
the patient-to-blood match, recognize any time patients and
transfusion units, report adverse reactions to the Transfusion
Service. Transfusionists can monitor the status of tubes and
bags delivered to wards, as well as ongoing transfusions.They
also get warned prompty when bedside mismatches are detected
Specimens’ sampling lead times and environmental conditions
from the operating theatre to the Pathologist’s Lab and to the
BioBank, are monitored via semiactive sensors. Clinical and
logistic information on samples are collected in a newly
developed BioBank management system, fully integrated with
the hospital information system.

C. Clinical process
traceability (blood,
specimen and drug
management)

Tissue Bank Project: active
monitoring through RFId (live)

D. Management of
surgical instruments

Reengineering
of
chemotherapy
processes
(project funded by the Italian
MoH - ongoing)

Implementation of clinical and organizational best practices on
chemotherapy preparation and administration. Automation of
preparation activities, implementation of a pharma management
system integrated with the RFId traceability platform.

Improving information flows in
bedside radiology (ongoing)

Tags on bedside taken phosphor plates store data on patient and
their processing status. Tag get red in plate-to-patient crossmatches, to initialize the digitalizer.
Patient identification for radiotherapy machine initialization.
Identification of the most suitable technology for internal
management of kits and cross-checks before and after surgery.

Safe radiotherapy (feasibility)
Barcode/RFId tracing of kits
(feasibility study)

Table 1: AIDC technology applications at the Istituto
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The proposed model was applied to evaluate live and
ongoing initiatives at the Istituto. The evaluation process
was based on structured interviews with executive roles at
the Istituto, using the objective – tagging – value dimension
part of the model, (see vertical dimension of the table in
Figure 1).
The first evidence arising is that main fundamental
objectives met by all solutions are: raise of processes
quality, optimization of operation lead times, process safety
increase. Moreover, for each fundamental objective there
are different means objectives each project reaches. Some
examples as follows:
• Process safety shows an overall increase. Enhanced
security depends above all on: automated crosschecks,
better quality of information, system availability and
more time available for staff to spend bedside.
• Process quality shows a relevant increase in all cases.
This increase depends not only on “hard” elements (like
compliance to procedures, prevention of human errors,
prevention of loss of information/items), but also on
“soft” aspects related to the quality of information
available to staff (e.g. higher patient knowledge, etc.).
• Operating lead-times improve only for activities where
process complexity is reduced by partial automation
and/or workflow support (in this case, system's ease of
use was key). This capability mainly regards better data
access, thanks to RFId applications feeding hospital
subsystems with information flows from the ward.
• Operating costs: only the tissue bank traceability
project allows a real cost reduction (avoiding storage of
damaged specimens), while for example this is not
possible for blood bags (transfusionists still not use the
system to readily recall non transfused blood bags from
wards). Finally, people identification through RFId
devices does not reduce any cost; on the contrary, it
requires means not used before.
• Organizational impact was high above all for the Tissue
Bank project, but developed solutions show high
respect of actual procedures and a high usability grade.
• Corporate image on patient and staff is positively
affected above all by the transfusion safety project.
• Data privacy is not a major impact area, because
implementation did not digitalize previously unsafe
information flows from this point of view.
In addition to the evaluation of the Istituto’s business case,
the model was applied to asses other 62 providers
worldwide implementing 87 distinct applications. The
company's value indexes calculated by the model allow to
map each business case in a matrix in which measure the
rating and the number of applications available in each
company (Figure 2). As far as concerns perceived value (see
horizontal dimension in Figure 1), the assessment sets the
Istituto in a better position than any other healthcare
company implementing AIDC technology solutions. For
example:
• Patient and staff identification application capabilities
reached Y value of 7,74 against a benchmark mean
value of 5,98/10 points. This relates above all to the
enterprise-wide coverage, against a number of other
applications focused on specific processes.

•

Project on clinical process traceability. The transfusion
safety project (7,77 vs 6,63) shows similar values: the
maturity level of such implementations is higher (thus:
more cases), but we can count few implementations
going beyond simple cross-matches, implementing
advanced traceability features and workflow support.
This is even more evident if we consider the Tissue
Bank project (one of two business cases we found),
where the platform intervenes in all key steps of the
procedure, supports sampling and links all subsystems.
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Figure 2 - Distribution of business case evaluation
The value exploited by the Istituto can be considered
satisfactory in absolute terms - above all considering
solutions have been developed without a previous overall
structured planning – as well as considering the high rating
achieved in the assessment (the dot product between the
vector of the weight of each objective and the vector of
binary variables representing which targets have been
achieved from all the company’s applications places the
Istituto among the top four cases). In fact, if we consider
also further extensions being planned for the future, this
appears even more clear. An example is the participation of
the Istituto in a project funded by the Italian Ministry of
Health regarding safety of chemotherapy treatments which
involves other 26 operating units belonging to various other
Italian healthcare organizations. The Istituto will combine
the reorganization of chemotherapy processes according
best practices within a scenario of robotization and
electronic prescription of treatments where the systems will
integrate the RFId platform for tracking key steps in the
process.

5 Conclusions
Introduction of AIDC technology as a platform shared
among different business process has great potential value.
To enjoy the benefits companies need to plan their AIDC
projects interventions through time and hospital functions,
paying attention to development priority and goals. We
analyzed AIDC application classes for the healthcare sector
and developed an assessment model. This model identifies
and rates fundamental and means objectives of AIDC
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technologies implementation applying well recognized
methodological approaches [18,19,20], and then guides the
evaluation of the value exploited by applications
investigating the value perceived by users as a proxy of
actual goals reached by applications. The model proves a
valuable tool both in assessing state-of-the-art
implementations in and among organizations (in order to
evaluate how and if organizations exploit the potential value
of technology in their projects), as well as in a normative
way, that means in order to support managers in strategic
planning of interventions and in their decision making
process, while setting strategic priorities in investments. The
model was first applied at the Italian National Cancer
Institute in Milan by the evaluation of its RFId traceability
and identification platform. Compared to other cases RFId
applications show being super-additive: if developed
following a comprehensive approach the average value
perceived by a platform solution is more than the value
perceived by the sum of single isolates applications
implemented locally. Results showed how the Istituto
reached high results and benefits, even without a previous
overall structured planning. Despite of this, key to this
success was the vision, which only seems – but is not obvious, of enterprise-wide patient and staff automatic
identification as an enabler to all further initiatives. This
initial systemic effort enabled the spread of a series of
applications which can be considered quite interesting in
the Italian scenario as well as in a wider benchmark. This
proves even more interesting if we consider further
extensions being planned for the future (e.g. full integration
of the RFId platform within a scenario of robotization and
electronic prescription of chemotherapy treatments, in a
project funded by the Italian Ministry of Health).
To increase the accuracy of the rating value calculated by
the dot product, the model can be updated to measure the
grade of satisfaction of objectives enabled by AIDC
technology applications, e.g. using a continuous variable.
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Abstract - In this paper, the patho-physiological dynamics
of HIV-1 induced AIDS is analyzed using a system of
deterministic ordinary differential equations. The
mathematical model exhibits explicitly the dynamics of the
HIV-1 virions during latency phase in the absence of
anti-viral therapy. The model presented in this paper is a
generalization of previous models of HIV-1 dynamics and
incorporates the interactions between the HIV-1 virions,
infected helper T-lymphocytes, uninfected helper
T-lymphocytes, and cytotoxic T-lymphocytes, as well as
contributions to HIV-1 reservoirs. Investigative computer
simulations using clinically plausible parametric
configurations are presented. Clinically relevant criteria
are derived depicting the annihilation, control, or
persistence of HIV-1 in the absence of anti-viral therapy.
Keywords: HIV-1 dynamics, mathematical modeling,
model simulation

1. Introduction
The dynamics of HIV-1 infection may be divided into
three phases: the initial (pre-latency) phase called primary
HIV-1 infection; the latency phase, and the post latency
phase. During the pre-latency phase, the HIV-1 virions
present in the infecting inoculums replicate in the host
(CD4+) T lymphocytes, producing a viremia which elicits
immune response due to viral antigen-presentation action by
the monocytic phagocytic system (MPS) of macrophages.
The initial infection leads to transient infection
resembling mononucleosis for 1-12 weeks after exposure
[2, 3]. Although symptomatic primary HIV-1 infection is
usually characterized by fever, lymphadenopathy,
pharyngitis, arthralgia, rash, and lethargy, many infected
individuals have no such acute phase of HIV infection.
Studies have shown that during symptomatic primary HIV-1
infection, the levels of infecting virions and of infected
helper T cells are very high in the range of 1,000-10,000
TCID/μl of phase [2, 3].
The second phase of HIV-1 infection is called the
latency phase. During this phase, the patient undergoes a
drastic reduction in HIV-1 viremia and the amount of viral
antigen in most but not all patients [5]. During this phase,

the infected patient is asymptomatic and shows no sign of
fully blown AIDS. The proportion of cells carrying HIV-1
DNA is higher in the lymph nodes than in the peripheral
blood [10]. HIV-1 viral replication occurs throughout the
asymptomatic phase, but the function of susceptible cells
that are productively infected at any given time is low. The
CD8+ cytotoxic T lymphocytes mediate the destruction of
infected HIV-1 T cells [13, 16]. However, some infected
CD4+ helper cells serve as the host or laboratory for the
production of the HIV-1 virions [19]. Using protease
enzymes and the retro-virus called reverse transcriptase and
resources of the host CD4+ T-lymphocytes, the HIV virions
are assembled into pro-virus equipped with the glycoprotein
gp120 and gp41. The newly assembled HIV-1 virions are
released into the blood plasma by the process called budding.
This rate is curtailed during the asymptomatic phase.
The third phase of HIV-1 dynamics is determined by
increase in plasma HIV-1 virions and down-regulation of
the CD8+ T-lymphocytes responses. In particular, the CD4+
T-lymphocytes infection increases. There is also release of
HIV-1 virions from the reservoirs such as the lymphoid
organs, microglial cells of the brain and other sources [14,
18].
Many deterministic mathematical models of HIV-1
patho-physiodynamics have been constructed in the last few
years. The models incorporate the HIV-1 interaction with
the Helper CD4+ T-lymphocytes and the Cytotoxic CD8+
T-lymphocytes. Such models include those by Pantaleo et
al.[10], Essunger and Perelson [4], Perelson et al. [11],
Kirschner and Webb [7], Wodarz et al. [18, 19]. There have
been stochastic mathematical models of HIV-1 dynamics,
such as the model by Tackwell and Le Corfec [15]. Han and
Perelson [6] have been involved in the construction of
HIV-1 stochastic models for the computation and estimation
of HIV-1 interaction coefficients.
In this paper, new mathematical models for the
asymptotical latency phase are proposed and analyzed. In
particular, elaborate and robust mathematical criteria will be
derived depicting the conditions under which the latency
period can be maintained indefinitely.
The major contribution of the current research is the
formulation of robust criteria under which the HIV-1 virions
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will be annihilated or kept under a chronic asymptomatic
latency phase in the absence of anti-HIV-1 drug therapy.
This paper is organized into five sections. Section 2
provides definitions of parameters that are used in the model
equations. Section 3 discusses the model equations and
necessary criteria for the existence of the equilibrium points
or disease outcomes during the latency phase. Section 4
presents computer simulation results and associated graphs.
Section 5 gives a summary.

2. Parameters
A number of parameters, constants will be used in the
model. We define them as follow.
x1: the number density of un-infected CD4 helper
T-lymphocytes per unit volume
x2: the number density of HIV-1 infected CD4+ helper
T-lymphocytes per unit volume
x3: the number density of HIV-1 virions in the blood plasma
per unit volume
x4: the number density of HIV-1 specific CD8+ cytotoxic
T-lymphocytes per unit volume
S1: rate of supply of un-infected CD4+ T4-lymphocytes
S2: rate of supply of latency infected CD4+ T4-lymphocytes
S3: rate of supply of HIV-1 virions from macrophage,
monocytes, microglial cells and other lymphoid tissue
different from T4-lymphocytes
S4: rate of supply of CD8+ T8-lymphocytes from the thymus
ai, bi: constant associated with activation of lymphocytes by
cytokine interleukin-2 (IL-2)
αi: constant associated with HIV-1 infection of CD4+ T4
helper cells
+

β1: the number of HIV-1 virions produced per day by
+

replication and budding in CD4 T4 helper cells

β2: rate constant associated with replication and “budding”
of HIV-1 in syncytia CD4+ T4 helper cells per day per
micro liter (μl) and released into the blood plasma

β3: the number of HIV-1 virions produced per day by

replication and “budding” in non-syncytia CD4+ T4
helper cells and released into the blood plasma
qi: constant depicting competition between infected and
un-infected CD4+ T4 helper cells
ki: constant depicting degradation, loss of clonogenicity or
“death”
ei0: constant depicting death or degradation or removal by
apoptosis (programmed cell death)
Ki: constant associated with the killing rate of infected CD4+
T4 cells by CD8+ T8 cytotoxic lymphocytes
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3. Dynamics of HIV-1 during latency
phase
In the latency phase, the HIV-1 patho-physiodynamics
equations reduce to
⎧ x&1 = S1 + a1 x12 e − b1 x1 − α 1 x1 x3 − q1 x1 x2 − k1 x1 − e10
⎪
−b x
⎪ x& 2 = S 2 + a 2 x1 x2 e 2 1 + α 2 x1 x3 − q2 x1 x2 − k 2 x2 − β1 x3 − K1 x2 x4 − e20
⎪
⎨ x&3 = S 3 + β 2 x2 x3 + β 3 x3 − α 3 x1 x3 − k 3 x3 − e30
⎪&
− b4 x1
− K 2 x2 x4 − k 4 x4 − e40
⎪ x4 = S 4 + a 4 x1 x4 e
⎪ xi (t L ) = xiL for i = {1, 2, 3, 4}
(3.1)
⎩

Let

C

j

= Sup

t ∈[ t L , t P ]

C 3 = Sup

t ∈[ t L , t P ]

[a

j

x1 x j e

[β 2 x 2 x 3

− b j x1

]

for j = {1 , 2 , 4 }

+ β 3 x3 ]

(3.2)

Where tL is the time at which the latency phase begins.
Similarly, tP is the time at which the post latency phase of
HIV-1 dynamics commences in a patient.
The system of differential equations (3.1) reduce to the
following differential inequalities, for t∈[tL, tP]:

⎧
⎪
⎪
⎨
⎪
⎪⎩

x& 1 ≤ S 1
x& 2 ≤ S 2
x& 3 ≤ S 3
x& 4 ≤ S 4

+ C

− k 1 x 1 − e 10

⎧
⎪
⎪
⎨
⎪
⎪⎩

x& 1 ( t L ) = x 1 L
x& 2 ( t L ) = x 2 L
x& 3 ( t L ) = x 3 L
x& 4 ( t L ) = x 4 L

1

+ C

2

+ C

3

+ C

4

− k
− k
− k

2
3
4

x
x
x

2
3
4

− e
− e
− e

20
30
40

(3.3)

Using the Kamke comparison technique [8], the
differential inequalities lead to the following theorem.
Theorem
Let

⎧
S + C i − ei 0 ⎫
m i = Max ⎨ x iL , i
⎬
t ∈[ t L , t P ]
ki
⎩
⎭
for i = {1, 2 , 3 , 4 }

(3.4)

Consider the set

{

A = ( x1 , x 2 , x 3 , x 4 ) ∈ ℜ 4+ 0 ≤ x i < m i

}

Then all solutions of the initial value problem (3.1) that
originally in intℜ+4 will eventually enter the set of A, such
that the solution will be non-negative, ultimately bounded
and remain in A for all t ∈ℜ+.
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(i) If k 3 + α 3 L1 − β 2 > 0 then as t → ∞ ,

Proof
The differential inequalities (3.3) can be used to obtain
the following expressions:

xi ≤
where σ

i0

S i + C i − ei0
+σ
ki

i0

e − k it

∈ ℜ + and i = {1, 2 , 3 , 4 }

Hence, for i = {1, 2, 3, 4},

lim Sup x i ( t ) =

S i + C i − ei0
ki

and

⎧
S + C i − ei 0 ⎫
x i (t ) ∈ Sup ⎨ xi 0 , i
⎬
ki
A ⎩
⎭
Thus the flow associated with the system (3.1) is
dissipative, and non-negative if Si +Ci – ei0 > 0, and
eventually enter the set A and remains trapped in A for t ∈ℜ+,
if xi0∈ intℜ+4.

3.1 Criteria for permanency of latency phase
In this section, the criteria for the permanency of the
latency phase will be derived.
The differential equation for the HIV-1 pathophysiodynamics during the latency phase is:

x& 3 ( t ) = S

3

+ β 2 x 3 − α 3 x 1 x 3 − k 3 x 3 − e 30

where S3 is the reflux and repopulation rate of the plasma
HIV-1 virions from the lymphoid tissue, microgial cells,
reticules-endothelial cells, monocytes/macrophages and
other sanctuaries. e30 is a constant degradation rate of HIV-1
virions. β2 is the “budding” rate constant of HIV-1 virions.
Let

L1 =

Sup

x1 (t )

t∈ [ t L ,t P ]

and S 3 − e30 ≥ 0 ,
then

x& 3 ( t ) ≤ S 3 + β 2 x 3 − α 3 L1 x 3 − k 3 x 3 − e 30
and

x 3 (t ) =

S 3 − e 30
+ ke − ( k 3 + α 3 L1 − β 2 ) t
k 3 + α 3 L1 − β 2

where k is a positive constant.
In particular, the following scenarios arise:

lim Sup x3 (t ) =

S 3 − e30
k 3 + α 3 L1 − β 2

In this case, the HIV-1 virions population does not
increase but tend to a constant growth profile. This effect
has been demonstrated in vivo by Chun et al [1].
(ii) If k3 + α 3 L1 − β 2 < 0 and then as t → ∞ , the HIV-1
virions population becomes exponential with time, and the
patient will now be in the post-latency phase of viral growth
dynamics and will develop fully-blown AIDS disease.

3.2 Clinically significant HIV-1
outcomes during latency phase

disease

The clinically significant outcomes of HIV-1 dynamics
can obtained as follow. The outcomes are called equilibrium
points or sturdy states which are associated with the model
equations. There are five most clinically interesting
outcomes labeled {Ei: i =1, 2, 3, 4, 5}.
(i) E1 = [0, 0, 0, 0]: this represents the case in which
uninfected CD4+ T cells, infected CD4+ T cells, HIV-1
virions in blood plasma, and HIV-1 specific CD8+ T cells
are all destroyed. This leads to the immune system paralysis
in which the patient dies of opportunistic bacteria or viral
infection. This case is clinically feasible if Si - ei0 =0.
(ii) E2 = [ x̂1 , 0, 0, x̂ 4 ]: this represents the case in which
infected CD4+ T cells and HIV-1 virions in blood plasma are
all destroyed. Clinical doctors working with HIV-1 infected
patients would like to achieve this outcome. This
equilibrium point is clinically possible under the following
necessary conditions:

⎧ S 1 + a 1 xˆ 12 e − b1 xˆ 2 − k 1 xˆ 1 − e10 = 0
⎪
⎪ S 2 − e 20 = 0
⎨
⎪ S 3 − e 30 = 0
⎪ S + a xˆ xˆ e − b 4 xˆ1 − k xˆ − e = 0
4 1 4
4 4
40
⎩ 4
(iii) E3 = [0, x 2 ,

(3.5)

x3 , 0]: this depicts a clinically worst case

situation in which both uninfected CD4+ T cells and HIV-1
specific CD8+ T cells are destroyed. This equilibrium point
is clinically possible under the following necessary
conditions:

⎧ S 1 − e 10 = 0
⎪S − β x − k x − e = 0
⎪ 2
1 3
2 2
20
⎨
S
x
k
x
e
β
−
−
−
2 3
3 3
30 = 0
⎪ 3
⎪⎩ S 4 − e 40 = 0

(3.6)

(iv) E4 = [ ~
x1 , 0, 0, 0]: this is the most clinically desirable
equilibrium point in which infected CD4+ T cells, plasma
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HIV-1 virions, and HIV-1 specific cytotoxic CD8+ T cells
are all annihilated. The necessary conditions for the
existence of this equilibrium point are:
~
⎧ S 1 + a1 ~
x 12 e − b1 x 2 − k 1 ~
x 1 − e10 = 0
⎪
⎪ S 2 − e 20 = 0
⎨
⎪ S 3 − e 30 = 0
(3.7)
⎪S − e = 0
40
⎩ 4

( (

(v) E5 = [ x1 , x 2 ,

( (
x3 , x 4 ]: this case can only exist if the

equation (3.0) exhibits persistence in which all the four
factors co-exist. The details of showing persistence in
nonlinear systems of differential equations have been
discussed by Nani and Freedman in [8].
There are other equilibrium points such as E[x1, x2, 0, 0],
E [0, 0, x3, x4] and many planar or axial points. These are
clinical unfeasible and are not considered in this paper, but
will be analyzed in a future paper.

4. Simulation results and discussion
In this section, investigative computer simulations are
performed under specific parametric configurations. The
model data values shown in Table 1 and Table 2 are
compatible with the data values used in the literatures [4, 7,
15, 17]. It should be noted that it is virtually impossible to
get all values for a particular HIV-1 infected patient [20].
The time scale used in the hypothetical simulations is
normalized in years. We only present two scenarios of the

431

simulations, as shown in Figure 1 and Figure 2. Other
simulation results will be published in future papers. In
Figure 1, it can be observed that the HIV-1 virions (x3) is
restricted to a relatively long latency period, due to effective
cytolytic action of the CD8+ cytotoxic T cells (x4). In Figure
2, it can be seen that HIV-1 virions undergo a relatively
short latency period and then replicate rapidly in the
presence of non-effective cytolytic action of CD8+
cytotoxic T cells (x4). The difference between the two
simulation results can be accounted for by non-zero value of
S3 which depicts HIV-1 virions released from all viral
reservoirs [12, 17].
Based on the above simulation results, we have the
following observations:
(i) Both the un-infected CD4+ T cells and HIV-1 specific
CD8+ T cells survive during the latency phase.
(ii) The infected CD4+ T cells and the plasma HIV-1 virion
concentration are completely annihilated.
(iii) The patient will be in the chronic asymptomatic HIV-1
infection state. The disease configuration is E2 = [ x̂1 , 0,
0,

x̂ 4 ].

(iv) In order for the patient to continue to be in the latency
phase the necessary conditions (3.5) must be
maintained in addition to certain sufficiency conditions
obtained by either using Liapunov functions for global
stability or using uniform persistence criteria (see [ 8]).

Table 1 Parametric Configuration Ρ1

S1 = 1.5 /day/μl
a1 = 0.009 /day/cell/μl
b1 = 0.001 /cell/μl
α1 = 0.05/day/virion/μl
k1 = 0.005/day/μl
q1 = 0.0045/day/μl/cell
e10 = 8.8 cells/day/μl
x1L = 703 cells/μl

S2 = 0.85 /day/μl
a2 = 0.004 /day/cell/μl
b2 = 0.004/cell/μl
α2= 0.1/day/virion/μl
k2 = 0.05/day/μl
q2 = 0.0001/day/μl/cell
β1 = 50 virons/CD4+/day
K1 = 0.001/day/μl
e20 = 0.005 cells/day/μl
x2L = 100 cells/μl

S3 = 0.0 /day/μl
β2 = 0 virons/CD4+/day/μl
β3 = 50 virons/CD4+/day
α3 = 0.0027/day/virion/μl
k3 = 0.0001/day
e30 = 0.0001 /day
x3L = 0.01 cells/μl

S4 = 0.272 /day/μl
a4 = 0.0075 /day/cell/μl
b4 = 0.001/cell/μl
K2 = 0.0024 /day/μl
k4 = 0.001/day/μl
e40 = 7.75 cells/day/μl
x4L = 800 cells/μl
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Table 2 Parametric Configuration Ρ2

S1 = 1.5 /day/μl
a1 = 0.009 /day/cell/μl
b1 = 0.001 /cell/μl
α1 = 0.05/day/virion/μl
k1 = 0.005/day/μl
q1 = 0.0045/day/μl/cell
e10 = 8.8 cells/day/μl
x1L = 703 cells/μl

S2 = 0.85 /day/μl
a2 = 0.004 /day/cell/μl
b2 = 0.004/cell/μl
α2= 0.1/day/virion/μl
k2 = 0.05/day/μl
q2 = 0.0001/day/μl/cell
β1 = 51 virons/CD4+/day
K1 = 0.001/day/μl
e20 = 0.005 cells/day/μl
x2L = 200 cells/μl

S3 = 10.5 /day/μl
β2 = 0.025
virons/CD4+/day/μl
β3 = 51 virons/CD4+/day
α3 = 0.027/day/virion/μl
k3 = 0.0001/day
e30 = 0.0001 /day
x3L = 5.5 cells/μl

S4 = 0.272 /day/μl
a4 = 0.0075 /day/cell/μl
b4 = 0.001/cell/μl
K2 = 0.0024 /day/μl
k4 = 0.08/day/μl
e40 = 10.75 cells/day/μl
x4L = 800 cells/μl
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Figure 1 Simulation results using parametric configuration Ρ1
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Figure 2 Simulation results using parametric configuration Ρ2

5. Summarizing remarks
In this paper, we have presented a novel and robust
approach to the study of HIV-1 dynamics during the latency
phase. The special contribution of this model includes an
explicit role of source terms S1, S2, S3, S4, which depict
recruitment from the thymus gland and the HIV-1 viral
reservoirs [14]. Clinically relevant activation functions
describing the action of IL-2 on the T cells are also included
in the model equations. The clinical outcomes are clearly
exhibited together with the associated criteria for existence.
In particular, the simulation results depict the scenario of
chronic asymptomatic HIV-1 infection during latency phase
in which the infected CD4+ T cells and the plasma, viremia
are annihilated. The results, to some extent, agree with and
add more details to the ones obtained in earlier HIV-1
research [4, 11, 14, 16, 19].
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1

Abstract – Retinoids are very effectively used for treatment
of cancer like lung cancer, breast cancer, melanoma cells,
etc. The pathway by which retinoic acid and its derivatives
accomplish this work is still not elucidating. The present
paper gives a hypothetic approach of retinoic acid
dependent pathway of growth arrest in malignant cells.
Besides Retinoic acid receptor-β, the immediate target gene
of RA is TBX2, which is also implicated in tumorigenesis.
This sophisticated role of TBX2 is mediated by targeting
other genes, which are responsible for growth arrest. The
interaction of these genes is shown in the form of an optical
coupler as a hypothesis to elucidate the comprehensive
action of retinoic acid induced TBX2 expression and growth
arrest. The simulation is done in MATLAB SIMULINK and
the results are relevant to the early-proposed model of
Richard M. Niles.
Keywords: Retinoic
resonator, metastasis.
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Introduction

The life span of all normal mammalian cells is limited
and ends up with growth arrest called replicative senescence
or apoptosis. If these controlling signals are disabled, then
uncontrolled proliferation may lead to cancer. This
uncontrolled proliferation can be self-destructive, invasive
(i.e. it may affect the adjacent cells and tissues) or metastatic
(i.e. spread in the whole body). If the cancer is detected in an
early stage, there are chances of survival of the individual.
However, unfortunately, most of the cases are detected at an
advanced stage of cancer, which reduces the chance of
survival.
Retinoids regulate the growth arrest and differentiation in
epithelial cells [11]. Retinoids mediate most of their
biological activity by binding to a heterodimer consisting of
two subclasses of nuclear receptors, the retinoic acid
receptors (RARs) and the retinoid X receptors (RXRs).
Retinoic acid and its derivatives have been used for treatment
of many types of cancer. Activation of both RAR and RXR

could induce growth inhibition in cancer cell lines. The alltransretinoic acid has been useful for treatment of many types of
cancer including lung cancer cell, acute leukemia and
melanoma cell [11,14,15].

1.1

Retinoic acid induced genes

Retinoic acid induces retinoic acid receptor β and T-box
protein-2(Tbx2) by 2-4hr. RA also induces six to eight fold
increase in protein kinase Cα, greater than twofold increase
in Hox3A expression and greater than twofold decrease in cfos expression[14,15].
Retinoic Acid Receptor-β is responsible for growth inhibition
in cancer cells and is activated with the help of cellular
retinoic acid binding protein-II[15]. In esophageal
carcinoma, loss of RARβ expression was observed in poorly
differentiated cells and it has been observed that expression
of RARβ is altered in various types of tumors[7,19]. Retinoic
Acid Receptor-β activates several members of tumor antigen
family and is responsible for metastasis suppression in breast
cancer[2].
Although TBX2 is the immediate early target gene of RA[5],
it is implicated in tumor development through
downregulation
of
alternative
reading
frame
(ARF,specifically ARF14) tumor suppressor and is associated
in bypass of cellular senescence in breast cancers and
melanomas[10,12]. However, the pathway by which TBX2
mediates this suppression of ARF is not known. The 132amino acid p14ARF is found at Cyclin-dependent kinase
inhibitor-2A (CDKN2A) locus and is shorter that
corresponding mouse protein p19ARF. The beta transcript of
CDKN2A encodes ARF14 and alpha transcript of CDKN2A
encodes INK4A. The proteins encoded by INK4A – ARF14
locus regulate tumor suppressor pathways [8,17]. These
proteins have ability to arrest cell cycle in both G1 and G2
phases. Hence, these are key factors of cellular senescence,
which acts as a powerful agent against metastasis [10,12].
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TBX2 mRNA is expressed in a wide variety of tissues
including fetal kidney and fetal lung as well as multiple adult
tissues, kidney, lung, placenta, ovary, prostate, spleen, testis
and breast. Relatively reduced expression of TBX2 can be
detected in heart, white blood cells, small intestine and
thymus. TBX2 is involved during development of widely
diverse organs and tissues including limbs, kidneys, lungs,
mammary glands, heart and craniofacial structures. TBX2
resides on the chromosomal band 17q23. TBX2 is involved
in transcription of other genes like caveolin, pleiotrophin and
cadherin 3, tenascin C. As found by cDNA microarray
analysis, one of the genes which is upregulated in TBX2
overexpressing cells is caveolin[9]. Caveolin-1 is most
prominently expressed in endothelial, fibrous and adipose
tissue. Caveolin-1 is a member of caveolin family, which is
membrane protein enriched in caveolae, forming 50
nanometer-sized inverted flask shaped invaginations on
plasma membranes where signal transduction molecules are
concentrated. Caveolin-1 is highly expressed in terminally
differentiated cells which suggests that overexpression of
caveolin-1 leads to increased apoptosis and is known as a
tumor suppressor gene[20, 6].
The role of TBX2 in cell growth arrest could not be ignored
because it is one of the early target genes of retinoic acid
which has been used as a very effective tool in cancer
treatment[5]. There are contradictory roles of TBX2 in
different tissues related to regulation of the cell cycle. In
heart morphogenesis, TBX2 inhibits proliferation by
repressing Nmyc1 which is essential for early chamber
growth and expansion of compact layer in the heart tube.
Nmyc1 is known to increase the rate of proliferation in
developing lung and brain[4]. As TBX2 is a gene that is
involved in transcription of other genes, there may be
different target genes according to different activating
signals[15]. In case of cancer treatment by RA, these target
genes may be joint effort of RA or RA activated genes and
TBX2. The expression of TBX2 mRNA is increased within
2hr of addition of RA in B16 melanoma cells[15]. Many
other genes, which are regulated by RA during growth
arrest, are also having a time lag between the addition of RA
and their altered expressions.

1.2

The proposed hypothesis

RA induces growth arrest by activating the
transcription activity of nuclear retinoid receptors,
specifically, RARβ. Including RARβ, T-box binding protein2(Tbx2) was identified as the immediate early target gene of
RA[11,14,15]. On contrary, Tbx2 is known to be amplified
and overexpressed in melanomas and breast cancer. This
leads to the critical role of Tbx2 in RA induced
differentiation [10,12]. The present paper gives a hypothesis
of the possible pathway and the effect of coupling of genes in
this aspect. As a hypothesis, this paper reveals the possible
coupling of Tbx2 with genes, which gives these two different
pathways: one leading to senescence bypass and other

leading to growth arrest. This hypothesis is relevant to the
early-proposed working model of all-trans-retinoic acid
action in B16 mouse melanoma cells [15].
This complete process has been demonstrated in the form of
fiber optical coupler effect, as a novel attempt to elaborate
the possible concept of the different roles of TBX2 depending
on different activating signals. The input stimulus and its
consequent activating signals mediated through genes are
taken in the form of second order transfer functions and the
combined effect of TBX2 and RA dependent genes are taken
in the form of a ring resonator. This is because the final
target genes are dependent on the input stimulus and its
consequent signaling pathway based on biological
parameters. When two genes are directed to come close to
each other via. signals, they may come as close as to form a
structure similar to a ring resonator.
This model has been fabricated by digital signal processing
technique looking into the fact that cell-to-cell
communication in epithelial layers could be modeled in
discrete form via autocrine and paracrine signaling and that
the discrete model takes into consideration each cell
individually [13].

1.3

Description of a ring resonator

A ring resonator is a fiber optical coupler whose main
characteristic is its frequency response, which describes the
variation of the magnitude and phase angles with frequency.
The transfer function of this ring resonator is taken in Z
domain and is determined with the help of delay line digital
signal processing technique and Mason’s rule.

Fig.1 Schematic diagram of a ring resonator
Figure1 is the schematic diagram of an optical coupler,
which is formed when two waveguides are brought close to
each other for overlapping their evanescent fields. A power
coupling ratio, k, is associated with each directional coupler.
For an input on one port, the power coupled to the cross port
is k times the input power. Two directional optical couplers
form a simple ring resonator as shown in the figure 2[3]
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Where γ = exp(-αL), is the round trip loss of the ring, α is
the average ring loss per unit length and L is the ring
perimeter.
Z-1 is known as unit delay in Z-domain and the whole ring
perimeter represents unit delay length for single ring
resonator [16].

2
Fig.2 Directional optical couplers forming a simple ring
resonator
In the directional optical coupler, the optical signals are split
and are recombined after a time delay. The frequency
response of ring resonators is usually periodic in nature and
this one period is known as free spectral range (FSR). The
output of a directional coupler could be represented in terms
of input as :
Eo 1= q(CEi1 - jS Ei2)
(1)
Eo2 = q(-jSEi1 + CEi2)
(2)
Where Ei1 and Ei2 represent coupler input, ‘q’ is amplitude
transmission coefficient of the coupler, C and –jS are
through port and cross port transmission respectively, Eo 1
and Eo 2 are coupler outputs. The through port transmission
is given by
C= cosθ = √(1-k)
(3)
and cross transmission is given by
–jS = -j sinθ = -j√k
(4)
where, ‘k’ is the power coupling ratio of the coupler which is
assumed to be independent of wavelength and ‘θ’ is equal to
the coupling strength integrated over the coupling length[3].
The directional optical coupler forming a ring resonator is
shown in figure 2. The Z-transform schematics of a single
ring resonator is shown in figure 3.

The block diagram representation of the proposed model is
shown in figure 4.
The dual role of TBX2 may be dependent on different target
genes based on different activating signals. One possible path
is proposed in the present model, where retinoic acid
dependent gene ‘X’ is coupled with TBX2 and suppresses
the proliferation, thus helping growth arrest. The model
reveals the effect of retinoic acid on TBX2, which induces it
initially and targets to gene ‘X’. These two genes behave
similar to two waveguides of an optical coupler, which are
activated as much as to form a ring resonator. The model
reveals prominently that the ring loss of this ring resonator,
required to reduce the metastatic effect, is considerably high.
It means that the induced TBX2 is utilized in activating
another gene or genes, which is responsible for the growth
arrest.

Activation
of
Retinoic
acid
receptor Beta

Antimetastatic
action

Retinoic acid

C
X(Z)

Model Domain

Induction
TBX2

Y(Z)

of

Coupling of TBX2
with retinoic acid
dependent ‘X’ gene

-jS
Fig.4 Block Diagram representation of the proposed model

Z-1
Fig. 3 The Z-Transform Schematics of a single ring
resonator
For digital signal processing technique, a continuous signal
is sampled at equal interval of time t = aT, where a is the
sample number and T is the unit delay which is the smallest
optical path length
The transfer function, in Z domain, of an optical fiber single
ring resonator is given as:
Y(Z) =
C-γZ-1
(5)
X(Z)

1- γCZ-1

The complete biological system is based on feedback
mechanism, known as homeostasis, to maintain static
conditions in the internal environment of the body. Most of
the homeostasis is based on negative feedback system[1].
Each cell of the body contributes to the maintenance of the
homeostasis and any dysfunction of cellular activity may
disturb the complete control system of the body.

3

Model Description

A comprehensive biofeedback model comprising of
endocrine and brain regulator, homeostat and transduction
phase is shown in figure 5.
The input stimulus (RA in present case) taken in the
proposed model is a step function because any other function
could be simplified in the form of step function. The brain
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and endocrine regulator governs the signaling of retinoic
acid with the help of CRBP-II to associate with RAR. The
homeostatic output response is exponential [1]. The output
response of the system depends on the forward path gain and
the feedback [18]. These two factors are represented as
homeostatic transfer functions, which is nothing but the ratio
of output to input. The output responses are of two types:
exponential rise and exponential decay. Exponential decay
signifies normal homeostatic response, whereas exponential
rise signifies abnormal homeostatic response [18]. For
simplification, the order of the transfer function representing
transduction phase is in second order.
The first stage of the main model comprise of activation of
retinoic acid receptor beta and its consequent effect on
proliferation. The antimetastatic effect of RARβ is shown in
this part[2] in figure 5(a).

Fig 5(a) Induction and Activation of RARβ concomitant with
RA w.r.t. time
The second stage consists of the induction of TBX2 and gene
‘X’ by retinoic acid directly or indirectly via RARβ. This
gene ‘X’ may be a tumor suppressor gene. The combined
effort of these two genes: TBX2 and ‘X’, where TBX2 is a
transcriptional factor, may target to other gene(s) to decrease
the metastasis as shown in figure 5(b), 5(c) and 5(d).

-1
RAR b

Brain and
Endocri ne regul ator

Gain

metastasi s

1

2.5

5

z

s+1

s+5

Uni t Delay

For the decayi ng part

TBX2 homeostat

5

Ramp1

TBX2 genes

0.4-0.5z-1
1-0.2z-1
Coupl i ng of TBX2
wi th gene X
( ring resonator effect)

s+2
Retinoi c aci d

hom eostat1

12:34
Di gi tal Cl ock

0.1
0.2

s2 +s+1

s2 +s+1

Transducti on phase1

Transducti on phase

Fig.5 Biofeedback model of Retinoic acid dependent growth arrest

X genes
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Fig 5 (d)Reduced metastasis with RA therapy
Fig. 5(b) RA induced TBX2 with time

The combined effort of these two genes is comparable to a
coupler having transfer function as:
Y(Z) =
C-γZ-1
(6)
X(Z)
1- γCZ-1
The contradictory role of TBX2 is reflected in the auxiliary
model (figure 6)leading to suppression of senescence by
repressing ARF.
In this model gene ‘Y’ is coupled with TBX2 due to another
activating signal, which is the result of any stimuli ‘Y1’.
Here, these two genes are shown to form a ring resonator in
which the ring loss is considerably less and the output is
increased leading to proliferation of malignant cells.

Fig 5(c)RA induced gene ‘X’ with time

TBX2

Y-genes

5
Stimuli Y1

0.5-0.4z-1

s+2

1-0.2z-1

Homeostat

coupling of TBX2 with gene 'Y'
(ring resonator effect)

1
s2+.7s+1
Transduction phase

Ramp2

Metastasis

-1
Y-genes

Fig 6 Auxiliary model

Supression factor

Supression of ARF
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This reveals the predominance of TBX2 in this complete
process and hence is still in an amplified state in cancer cell
lines after proceeding towards metastasis.

4

Fig6

(a) Increased TBX2 expression with time

Fig 6(b) Induced gene Y due to stimuli Y1 with time

The per unit scale values signify normalization of the
curve to correlate a particular physiological phenomenon.
Quantitatively similar physiological responses can be fitted
by a single curve if per unit values are chosen. The induction
of RARβ is responsible for antimetastatic effect of retinoic
acid treatment, wherein, the tumor suppressor genes are
elevated[2]. The output responses represent the associated
reflexes concomitant with input stimulus. The responses are
similar to the output response of galvanic skin response
which is dependent on the similar biofeedback system,
although, the time constants may vary depending on a
particular transduction phase and feedback system[18]. The
output of the homeostat was simulated in MATLAB
(R2006b) 7.3. Different time constants for the rising and
decaying phases were considered for simulation within a
fixed interval of 4hours[18]. Simulation in this model was
facilitated by using SIMULINK.
The per unit values are taken as the maximum expression
level of RARβ and TBX2 respectively. The time is taken in
hours for plotting of RARβ, TBX2 and gene ‘X’ and in days
for metastasis. The exponentially varying curves are obtained
after implementing the second and first order transfer
functions and the ring resonator effect to the input stimulus,
representing RARβ, TBX2, gene ‘X’ and metastasis.

5

Fig 6(c) Supression of ARF by combined effect of TBX2 with
gene ‘Y’

Discussion

The present model has focused on the possible pathways of
growth arrest by Retinoic acid concomitant with the
treatment of cancer. This complex biological system is very
much dependent on the proliferation of retinoic acid
receptors, especially RARβ and its consequent effects on
other target genes for which the other parts of the model
have been coordinated. The induction of RARβ concomitant
with TBX2 in retinoic acid treatment causes activation of
tumor cell antigens and tumor suppressor functions through
activation of other target gene(s) ‘X’ (for eg, caveolin) which
is likely to behave as a ring resonator, for which the cell
proliferation is checked, thus causing down regulation of
carcinoma in a monotonic slow decaying phase.

6

Fig 6(d) Increased metastasis due to senescence bypass.

Result

Conclusion and direction for future
enhancement

The secondary target genes of retinoic acid, which is
represented in the present model as gene ‘X’, could be one of
the genes, which are upregulated by TBX2. The role of
retinoic acid induced TBX2 in growth arrest could be
explicitly known by developing antagonist for this protein.
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This approach could give a new direction for the research
work being carried in the field of cancer treatment.
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Abstract - The global minimum of the potential energy of a
molecule corresponds to its most stable conformation, which
dictates majority of its properties. The principal difficulty in
minimizing the molecular potential energy function is that
the number of local minima increases exponentially with the
size of the molecule. Thus the problem becomes a
challenging test function for algorithms which attempt to
determine global optimal solution of potential energy
function. In this paper minimization of a potential energy
function is performed on an independent set of internal
coordinates involving only torsion angles using a real coded
genetic algorithm, MI-LXPM [2]. Computational results with
up to 100 degrees of freedom are presented.

Simplex hybrid algorithm for global minimization of
molecular potential energy functions. And very recently [5]
developed a continuous variable neighborhood search
heuristic for minimizing potential energy function. In this
paper an attempt is made to solve the potential energy
problem with up to 100 degrees of freedom using a real
coded genetic algorithm MI-LXPM [2].
This paper is organized as follows. Section 2 describes
the molecular potential energy function mathematically.
Section 3 describes the real coded genetic algorithm MILXPM applied for solving the problem. Computational
results and comparisons are presented in section 4 and
conclusions in section 5.

Keywords: Global optimization, Molecular conformations,
Genetic algorithm, Potential energy function

2

1

A simplified molecular model consists of a linear chain
of n beads centered at x1 ,....., x n in a 3-dimensional space

Introduction

Finding the most stable conformation of a molecule is a
captivating problem as it is highly complex and its
complexity increases with the increase in number of atoms.
Amongst many different spatial configurations for a given
molecule, the most stable one is of particular importance as
it dictates most of its properties. Experimental evidences
[11] show that in majority of the cases the most stable
conformation corresponds to the one involving the global
minimum potential energy. So it can be formulated as a
global optimization problem. It is an eminently challenging
global optimization problem as the number of local minima
increases exponentially with the size of the molecule [12].
These local minimizers correspond to metastable states of
the molecule and the global minimizer defines the
energetically most favorable molecular conformation. Many
optimization methods have already been applied to this
problem, such as branch and bound methods, smoothing
methods, simulated annealing, and genetic algorithms. [6],
[10], [12] provide an overview about these and other
methods for molecular conformation problems. Further [7]
developed a function to test methods applied to global
minimization of potential energy of molecules and solved it
using a deterministic technique. [1] developed a GA-

Problem Discussion

is considered. For every pair of consecutive beads xi and

xi 1 , let r i , i 1 be the bond length which is the Euclidean
distance between them. For every three consecutive beads
xi , x i 1 , xi  2 , let  i , i 1 be the bond angle corresponding
to the relative position of the third bead with respect to the
line containing the previous two. Likewise, for every four
consecutive beads x i , x i 1 , x i  2 , x i 3 , let  i , i 3 be the
angle, called the torsion angle, between the normals through
the planes determined by the beads x i , x i 1 , x i  2 and

x i 1 , x i  2 , x i 3 all of which can be clearly seen in Fig. 1.
The force field potentials corresponding to bond
lengths, bond angles and torsion angles will be defined
respectively as
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Fig.1 Coordinate Set of Atomic Chain
where

cij1 is bond stretching force constant, cij2 is angle

 i , i 3 , i  1,......, n  3 . As E is a nonconvex function

cij3 is the torsion force constant.

and thus it involves numerous local minimizers even for
small value of n . These local minimizers correspond to a
state which is not truly stationary but is almost stationary
called metastable state of the molecule. The authors in [7]
have shown that the number of local minimizers of the

bending force constant and
The constants

rij0 and  ij0 represent the “preferred” bond

length and bond angle respectively and

ij0 is the phase

angle
that
defines
the
position
of
the
minima. M k , k  1,2,3 represents the set of pair of atoms

k covalent bonds. In addition to the above,
there is also a potential E 4 which characterizes the 2-body

separated by

interactions between every pair of beads separated by more
than two covalent bonds along the chain. We use the
following function to represent E 4 :

E4 

 (1)i 
,
 

( i , j )M 3  rij


(2)

N

function (3) is 2 , where N  n  3 , n is the total
number of beads in a molecule. The global minimum of E is
the alternate sequence of torsion angles <a, b, a, b, a, b, a, b
……….> independent of the number of variables, where
a=1.039195303 and b= 3.141592654. And by restricting
 i, j ; 0   i , j  5 the existence of only one global
minimum is guaranteed. As given in [1] it can also be shown
that for all value of n the difference between the global
minimum value E * and second best value of (3) i.e.
E 2 always satisfy the following relation

E *  E 2  0.0816608225

(4)

where rij is the Euclidean distance between the beads xi
and x j . The general problem is to minimize the total
molecular

potential

energy

E  E1  E 2  E 3  E 4 ,

leading to the optimal spatial position of the beads. Using the
parameters defined in [7] potential energy function takes the
following form

E   (1  cos (3

i ,i  3

Although many simplifications have been done in the
function E despite these, the problem remains very difficult
because of the large number of local minimizers possible. It
can be seen from the fact that a molecule with 20 atoms will
have 2

3

))

17

 131072 local minimizers.

Genetic Algorithm MI-LXPM

i


( 1)
  
 10.60099896  4.141720682 (cos 
i

i

i ,i  3

,

) 

(3)

where i  1,......, n  3 and n is the number of beads in the
given system. The problem thus reduces to find

Genetic algorithms are population based heuristics
which are used to determine solution of non-linear
optimization problems. GA’s mimic the Darwin’s principal
of “survival of fittest”. GA uses three basic operations
selection, crossover and mutation in moving from one
generation to another.
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MI-LXPM [2] is a real coded genetic algorithm which
uses the Laplace crossover [3] and Power mutation [4]. It
also uses tournament selection. It is efficient to solve integer,
real and mixed integer, non-linear constrained optimization
problems.
More details of these operators are defined in
subsections.

3.1

Laplace Crossover
Two

offsprings,

y 2 = ( y12 , y 22 ,..., y n2 )

y1 = ( y11 , y12 ,..., y 1n )

and

are generated from two parents,

x1 = ( x11 , x12 ,..., x1n ) and x 2 = ( x12 , x 22 ,..., xn2 ) in the following

way. First, uniform random numbers ui , ri  [0,1] are
generated. Then a random number  i is generated satisfying
the Laplace distribution, as under,

a  b log(ui ), ri  1/2;
i = 
(5)
a  b log(ui ), ri > 1/2,
where a is location parameter and b > 0 is scaling
parameter. With smaller values of b , offsprings are likely to
be produced nearer to parents and for larger values of b ,
offsprings are expected to be produced far from parents.
Having computed  i , the two offsprings are obtained as
under:
y1i = x1i   i | x1i  xi2 |

(6)

yi2 = xi2   i | x1i  xi2 |

(7)

 x  s ( x  x l ),
x=
 x  s ( x u  x ),

3.3

Selection Technique

3.4

Computational steps of MI-LXPM

Computational steps of the MI-LXPM algorithm are as
follows:
1.

A solution x is created in the vicinity of a parent
solution x in the following manner. First, a uniform random
number t between 0 and 1 and a random number s which
follows the Power distribution, s = (s1 ) p , where s1 is a
uniform random number between 0 and 1 , are created. p is
called the index of mutation. It governs the strength of
perturbation of Power mutation. Having determined s a
mutated solution is created as:

Generate a suitably large initial set of random points
within the bounds on variable i.e. points
L

satisfying x j

 x j  xUj , j = 1,2,...n , for variables

which are to have real values.
2.

Check the stopping criteria? If satisfied stop; else
goto 3.

3.

Apply tournament selection procedure on initial
(old) population to make mating pool.

4.

Apply Laplace crossover and Power mutation to all
individuals in mating pool, with probability of
crossover pc and probability of mutation pm
respectively, to make get population.

5.

Increase generation; replace old population by new
population; goto 2.

(8)

Power Mutation

x  xl

A selection technique in a GA is simply a process that
favors the selection of better individuals in the population for
the mating pool. MI-LXPM uses tournament selection.

which shows that in Laplace crossover the spread of
offsprings is proportional to the spread of parents.

3.2

(9)

, x l and x u being the lower and upper
xu  x
bounds on the value of the decision variable and r a
uniformly distributed random number between 0 and 1 .

where t =

Also one important thing to notice is that (6) - (7) gives:
y1i  yi2 = x1i  xi2

t < r;
t  r.

4

Computational Results

In this section we present numerical results using MILXPM algorithm to the energy function E .The program is
coded in C++ and executed on a Pentium IV with 512 MB of
RAM.
The potential energy function E is minimized in the
specified search space [0, 5] n, where n is the total number of
beads in a system using MI-LXPM. Table 1 reproduces the
global minimum values of [1] attained for the function E
corresponding to different chain sizes i.e. corresponding to n
equal to 20, 40, 60, 80 and 100.
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Table 1 The global minimum value for chains of different
sizes (for n=20 to 100)
n
20
40
60
80
100

E
-0.822366
-1.644732
-2.467098
-3.289464
-4.111830

Since MI-LXPM is a probabilistic technique, 30 independent
runs are performed, each time using a different seed for the
generation of random number. In all the 30 runs threshold of
99% of global minima is achieved. The population size used
is 10n where n is the number of variables. The crossover
probability is taken as 0.8 and that of mutation is 0.01 for all
cases.
A number of evaluation criteria are used to observe the
behavior of MI-LXPM while solving the potential energy
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problem. These criteria are fmin; minimum (out of 30)
function evaluations required, fmax; maximum (out of 30)
function evaluations required, favg; average function
evaluations of all the 30 runs required, fsd; standard
deviation of function evaluations of all the 30 runs required
and number of successful runs required, to achieve the
threshold of 99% of global minima.
All these observations are recorded in Table 2 which
also contains the earlier published results of [1], using three
other algorithms namely GA, HYB, rHYB where baseline
GA uses Blend crossover and Non-Uniform mutation, HYB
is staged hybrid with full simplex and rHYB is staged hybrid
with reduced simplex.
Table 2 clearly shows that MI-LXPM is the best
performer in terms of function evaluations. To further
analyze the relative performance of MI-LXPM and all other
algorithms in terms of average function evaluations a
graphical representation is shown in Fig. 2, which
demonstrates the boxplot of the results shown in Table 2 and
the best performer is marked with star.

Table 2 Computational results for simplified molecular model for n=20 to 100 number of function evaluations (average,
minimum, maximum, standard deviation) using GA, HYB, rHYB, MI-LXPM , the number of successful runs to reach 99% of
the global minimum of E.
n
20

40

60

80

100

Alg
GA
HYB
rHYB
MI-LXPM
GA
HYB
rHYB
MI-LXPM
GA
HYB
rHYB
MI-LXPM
GA
HYB
rHYB
MI-LXPM
GA
HYB
rHYB
MI-LXPM

favg
36626
36471
35836
23122
133581
132136
129611
74765
263266
252026
249963
243352
413948
393678
387787
213490
588827
565829
554026
273715

fmin
33086
32599
31415
12190
120643
122739
120967
50632
242739
238194
238867
113617
392493
375144
370534
159459
565793
542562
534697
154185

fmax
40545
42573
41653
41987
139857
142342
143940
116946
280653
269742
271393
397889
445181
406258
405025
284134
614362
593017
581879
441259

fsd
2057
2191
2530
7628
4378
4695
5350
15335
10360
7622
7431
74045
13340
7669
8901
33834
13057
12607
11182
73491

Succ
30
30
30
30
30
30
30
30
30
30
30
30
30
30
29
30
30
29
30
30
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Fig.2 Box plot of average function evaluations for simplified molecular model.
Clearly the boxplot shows that the MI-LXPM performs
better than GA, HYB, rHYB which shows the efficiency of
MI-LXPM. Also it is seen that in all the cases, MI-LXPM
achieved 100% success. However rHYB for n=80 and HYB
for n=100 are not able to achieve 100% success.

5

Conclusions

MI-LXPM is successfully applied to a scalable
simplified energy function. Although the energy function is
taken in simplified form yet it keeps the main difficulty that
is the number of local minima of the function grows
exponentially with problem size, which makes it difficult to
find the global minima. Computational tests were performed
varying the number of variables in problem. The algorithm
is applied successfully to cases with degrees of freedom
varying from 20 to 100 (Table 2). In this case, MI-LXPM
has obtained much better results than already obtained
results of [1] in terms of function evaluations. Also MILXPM obtained 100% success in all the cases.
The reason why the results obtained by MI-LXPM are
better than those of [1] is that MI-LXPM uses Laplace
Crossover. Laplace Crossover is basically a parent centric
approach. The offsprings produced by this approach are
proportional to the spread of parents. Therefore, it preserves
the maximum properties of parents, so convergence is fast,
and its combination with Power mutation also maintains the
diversity in the population. On the other hand [1] uses the
Blend Crossover. In Blend crossover one offspring is
generated from one parent in a random manner within the
lower and upper bound of the parent. Therefore, solutions

from one generation to other generations are more diverse
and convergence is slow.
Finally, MI-LXPM has successfully obtained the global
minimum of molecular potential energy function and it is
observed that MI-LXPM is an efficient search algorithm and
is it not limited to the cases considered here but it can also
be applied to some other and more complex functions.
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Abstract— Modeling the intermolecular reactions in a single cell is a critical problem in computational biology.
Biochemical reaction systems often involve species in both
low and large population numbers, as is the case of genetic
regulatory networks. Then, random fluctuations due to small
population numbers may be significant. Hence, stochastic
mathematical models are needed to accurately capture the
dynamics of the system. In addition, biochemical systems
are typically quite complex, involving a large number of
components and interactions. This complexity posses great
challenges for simulation and analysis of the system. Model
reduction techniques aim at reducing the complexity of the
system by selecting only the important reactions and species,
while retaining the essential features of the full system. We
analyze in this paper a novel model reduction technique
for stochastic models of biochemical reactions based on
sensitivity analysis. We apply this approach to a model of
transcriptional regulation and a model of the expression and
activity of LacZ and LacY proteins in E. coli.
Keywords: Stochastic biochemical modeling, Systems Biology,
sensitivity analysis, model reduction, Gillespie algorithm.

1. Introduction
Modeling and simulations of biochemical systems constitute some of the priority research areas in the rapid
rise of Systems Biology [10]. Often, cellular processes are
viewed as systems of chemical reactions. Typically, these
systems involve many reactions and many species. There is
now strong experimental evidence of stochasticity of many
critical biological processes at the cellular level, involving
species with low population numbers [2], [14]. Then, the
continuous deterministic model of reaction rate equations
breaks down [18], [19]. Usually, the dynamics is nonlinear and presents multiple time-scales. Multiple time-scales
pose great challenges from the numerical point of view,
leading to stiffness. Consequently, the mathematical models
of biochemical systems can be very complex and hence
difficult to analyze and simulate numerically. It becomes
2 Corresponding

author.
partially supported by a grant from Natural Sciences and
Engineering Research Council of Canada (NSERC).
3 Research

therefore very important to reduce the complexity of these
systems, while preserving their overall behavior.
A model reduction technique could involve reducing the
number of reactive species, the number of parameters, or the
number of reactions [12]. Also, the complexity of the mathematical model may be reduced by identifying the algebraic
constraints that define the equilibrium manifold on which
the slow dynamics evolves. In the case of (bio)chemical
reaction systems, the following methods of reducing the
complexity of the system were developed: the lumping methods [9], the sensitivity analysis based-methods [13] and the
time-scale analysis based-methods [16]. Lumping techniques
lead to loss of information regarding specific reactions and
species, and thus of physical insight. In time-scale analysis
based-methods, finding the independent constraints for fast
dynamics may be quite difficult for complex systems with
multiple time-scales. Moreover, all these methods apply to
deterministic models. The development of model reduction
techniques for stochastic models of biochemical reactions is
still at the initial stages.
In this paper we present a novel approach to reduce the
complexity of stochastic models of biochemical kinetics,
based on sensitivity analysis. Sensitivity analysis is a cornerstone in the attempt to analyze the biochemical systems.
It quantifies the dependence of a system on the external
parameters [15], such as the reaction rate constants, initial
population numbers, etc. Biochemical systems may depend
on many such parameters, some of them not known with accuracy. Sensitivity analysis indicates which reactions/species
are essential, and which parameters are important and thus
need to be estimated with higher precision. The unimportant
reactions/species can be eliminated without altering the
overall behavior. This could lead to a significant reduction of
the system. Another advantage of sensitivity analysis basedmethods is that the reduced model is physically meaningful
and may provide important physical insight.

2. Stochastic chemical kinetics
Stochastic chemical kinetics of well-stirred systems is best
described by the Chemical Master Equation. This model has
a sound theoretical ground [7]. Chemical Master Equation
has been the subject of intens research recently, as it has been
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successfully applied to biochemical systems, even when the
well-mixture assumption is not always satisfied (such as in
the cell). An exact method for simulating the solution to the
Chemical Master Equation is a Monte Carlo procedure due
to D.T. Gillespie [5], [6].
Assume that the well-stirred system contains N biochemical species S1 , · · · , SN involved in M reaction channels
R1 , · · · , RM . The system is at thermal equilibrium in a
volume V . The behavior of the system can be described
by the vector of states x(t), that is for each i = 1, · · · , N ,
xi (t) is the number of Si molecules at time t. The vector
of states x(t) is a stochastic process. The aim is to find the
state vector x(t), given that at the initial time, t = t0 the
system was in the state x(t0 ) = x0 .
Each reaction Rj induces a change x → x + ν j in the
system, where ν j ≡ (ν1j , . . . , νN j )′ is the state change
vector corresponding to the reaction Rj . In particular, νij
is the change in the number of Si molecules caused by
one reaction Rj . The matrix A = {νij }1≤i≤N,1≤j≤M is
known as the “stoichiometric matrix”. In addition, a reaction
Rj is characterized by its propensity function aj (x). The
propensity function in a given state x, is defined by aj (x)dt
is the probability that one Rj event will occur in the
infinitesimal interval [t, t + dt).
c1
• The first-order reaction S1 −→
S2 has a propensity
function a1 (x) = c1 x1 ,
c2
• The second-order reaction S1 + S2 −→
S3 has a
propensity function a2 (x) = c2 x1 x2 ,
c3
• The dimerization S1 + S1 −→
S4 has a propensity
function a3 (x) = c3 x1 (x1 − 1)/2.

analysis applies to continuous deterministic systems, and
in particular to the reaction rate equations. If the system
solution [xi (t, p)]i=1,··· ,N at time t depends on the vector
of external parameters p = (p1 , · · · , pm ), then the (i, j)i (t,p)
entry of the first order sensitivity matrix is ∂x∂p
. A large
j
sensitivity means that the system can change dramatically
with perturbations in the given parameter. However, small
sensitivity suggests that the system is robust with respect to
small changes in the given parameter.
The reaction rate equations may be written in the form
dx/dt = Av(x(t, p), p) where v(xi (t, p), p) is the M valued vector of the reaction rates and A is the stoichiometric matrix. Let N0 be the row rank of A. Then, by
rearranging the rows of the stoichiometric matrix to have the
first N0 rows linearly independent, we canwrite A
 = LAr
IN0
where L is a N ×N0 matrix such that L =
and IN0
L0
is the N0 ×N0 identity matrix. The matrix Ar is the reduced
stoichiometric matrix in which the last N − N0 linearly
dependent rows are removed. We reorder the components
of


xI
x such that they match the rows of A. Then x =
,
xD
where xI is the linearly independent species vector with
N0 components and xD is the linearly dependent species
vector with N − N0 components. It can be shown that
xD (t) = L0 xI (t) + T, where T = xD (0) − L0 xI (0).
Since in our analysis we consider that the parameter vector
p has as components only the reaction rate constants, then
∂T/∂p = 0.
We only need to study the reduced reaction rate system
containing the linearly independent equations

Gillespie’s algorithm: Gillespie gave a statistically exact
algorithm to solve the Chemical Master Equation. The
algorithm simulates a trajectory or sample path x(t), by
generating each reaction, one at a time. Gillepie’s Direct
Method calculates the time to the next reaction and the index
of the next reaction with the correct probability distribution,
as given by the Chemical Master Equation. The first step
of Gillespie’s
PM algorithm (the Direct Method) is to evaluate
a0 (x) = j ′ =1 aj ′ (x), where x is the state of the system at
the current time t. The next step is to draw two unit-interval
uniform random numbers r1 and r2 , and compute τ , the
time to the next reaction according to
τ = a01(x) ln( r11 )
The index of the next reaction, j, is the smallest integer
satisfying
Pj
j ′ =1 aj ′ (x) > r2 a0 (x)
Finally, the system is updated by x ← x+ ν j and t ← t+ τ .

dxI
= Ar v((xI (t, p), L0 xI (t, p) + T), p) .
dt

3. Model reduction
We introduce below a novel method for reducing the
complexity of stochastic biochemical systems, based on sensitivity analysis with respect to the external kinetic parameters (the reaction rate constants). Traditionally, sensitivity

(1)

By differentiating (1) with respect to parameters p and by
substituting ∂T/∂p = 0, we obtain


d ∂xI
∂v(t) ∂x(t) ∂v(t)
= Ar
+
dt ∂p
∂p
 ∂x ∂p

(2)
∂v(t) ∂xI (t) ∂v(t)
L
+
= Ar
∂x
∂p
∂p
∂x
subject to initial conditions for the sensitivities ∂p
(0) =
0. We shall calculate the local sensitivities by solving the
ordinary differential equations (1) together with the auxiliary
equations for the sensitivities (2) to find x(.) and ∂x(.)
∂p . This
approach is called forward sensitivity analysis. We remark
that, while the whole system is coupled, the system (1) is
independent of ∂x(.)
∂p . We refer the interested reader to the
paper [4] for further details on the sensitivity analysis applied
to the reaction rate equations.
Our heuristic method starts from the remark that, for
many biochemical systems, the study of the reaction rate
equations gives useful insight on the behavior of the system
described by the stochastic discrete model, the Chemical
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Master Equation. For this class of systems, we constructed
the following reduction method:
(i). Construct the reaction rate equations for the full set
of reactions in the system.
(ii). Perform a sensitivity analysis, as described above, on
the reaction rate equations in the full system for the species
of interest with respect to the reaction rate parameters.
(iii). Use the sensitivity analysis performed on the reaction
rate equations to identify and eliminate the set of reactions
with respect to which the system (or the components of
interest) is not sensitive. If this leads to some species no
longer being represented in the system, then these species
will be deleted as well. By deleting them, we mean that they
remain equal to their initial value.
(iv). Simulate the reduced system (consisting of elementary reactions as well) using Gillespie’s algorithm.
Remark: If the model is not sensitive with respect to
parameters corresponding to some of the fast reactions for
example, then deleting these unimportant reactions from the
system will greatly reduce the computational time for a
negligible loss in accuracy. In addition, a reduced reaction
system will be easier to analyze.

4. Numerical experiments
Goutsias model: Goutsias [8] introduced a realistic model
of transcriptional regulation, which is a simplified model
of the λ-phage switch. The Goutsias model is presented in
Table 1. The number of protein (monomer) molecules is
denoted by M, the number of the transcription factor (dimer)
is D, DNA represents the free DNA, DNA.D is the complex
in which D binds to one site of DNA, while DNA.2D the
complex of D bound to two binding sites, and RNA is the
mRNA resulted from transcription. The system consists of
6 species involved in 10 reactions. The initial number of
monomers is m = 2, of dimers is d = 6, of DNA is g = 2,
while the remaining species start with size zero.
We performed a sensitivity analysis of the deterministic
system of reactions with respect to the reaction rates parameters. The system is robust with respect to changes in
the kinetic constants corresponding to reactions R8 and R2
(in decreasing order). This is illustrated in Figure 1. Our
initial test consists of eliminating reaction R8 (with respect
to which the system behavior is least sensitive). The resulting
reduced system is then simulated with Gillespie’s algorithm.
The evolutions in time of the means of the species of interest,
mRNA, monomers and dimers, are plotted in Figure 2, while
their standard deviations appear in Figure 3. The results for
both the reduced (R8 reaction deleted) and the full system
are presented on the same graph. The absolute errors in the
mean (see Figure 4) and in the standard deviation (not shown
here) are remarkably small, below 10−10 . Next, in addition

to reaction R8 we eliminate also R2, with respect to which
the system is slightly more sensitive. Among the species
we studied, mRNA was the least sensitive with respect to
the second kinetic parameter, followed by the monomers.
The evolution of the mean of these species for the full
and the reduced system (R2 & R8 deleted) is reported in
Figure 5. The results confirm the sensitivities predicted by
the analysis performed on the reaction rate equations. The
standard deviations (not shown here) give similar results.
Expression and activity of LacZ and LacY: We analyze
a model that describes the expression of LacZ and LacY
genes and the activity of LacZ and LacY proteins in E. coli.
Details regarding this model can be found in [11] and [17].
A list of the reaction channels and the associated reaction
rate constants is given in Table 2. The initial population
numbers are Plac= 1, RNAP= 35, Ribosome= 350 and the
rest start from zero. We performed a sensitivity analysis of
the species with respect to the reaction rate constants. If we
are interested in studying RbsLacZ, TrLacY1, RbsLacY and
TrLacY2, for example, then from our sensitivity analysis
we observed that the above species are not sensitive with
respect to the reactions R20, R21 and R22, among others.
We applied Gillespie’s algorithm on both the full and the
reduced system (without reactions R20, R21 and R22). The
speed-up in simulations is three-fold. The errors in the mean
and standard deviation for the reduced compared to the
full system for the species mentioned above are given in
Figure 6.

5. Conclusion
We have presented in this paper a new model reduction
technique for stochastic models of biochemical kinetics.
This heuristic algorithm is based on sensitivity analysis
and it is quite simple to implement, given that there are
quite a number of accurate and efficient software packages
performing sensitivity analysis for deterministic models.
Our method has been employed for two realistic models
of biochemical kinetics. The experimental results showed
excellent agreement between the numerical solution of the
full and reduced system.
Acknowledgement
We thank Wayne Enright and Ken Jackson for helpful
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Table 1: The Goutsias model of transcriptional regulation. A = 6.0221415 × 1023 mol−1 is the Avogadro constant and
V = 10−15 L is the volume of a cell.
Reaction propensity
a1 = c1 [RNA]
a2 = c2 [M]
a3 = c3 [DNA.D]
a4 = c4 [RNA]
a5 = c5 [DNA][D]
a6 = c6 [DNA.D]
a7 = c7 [DNA.D][D]
a8 = c8 [DNA.2D]
a9 = c9 [M]([M] − 1)
a10 = c10 [D]([D] − 1)
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c1
R1 RNA −→
RNA+M
c2
R2 M −→
∅
c3
R3 DNA.D −→
RNA+DNA.D
c4
R4 RNA −→ ∅
c5
R5 DNA+D −→
DNA.D
c6
R6 DNA.D −→ DNA+D
c7
R7 DNA.D+D −→
DNA.2D
c8
R8 DNA.2D −→
DNA.D+D
c9
D
R9 M+M −→
c10
R10 D −→ M+M

Reaction rate
c1 = 0.043
c2 = 0.0007
c3 = 0.078
c4 = 0.0039
c5 = 0.012 × 109 /(AV )
c6 = 0.4791
c7 = 0.00012 × 109 /(AV )
c8 = 0.8765 × 10−11
c9 = 0.05 × 109 /(AV )
c10 = 0.5
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Fig. 5: The mean for 1000 runs of Gillespie algorithm, full system and reduced (without equations R2 and R8), for mRNA
(left) and monomers (right).
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Abstract - The contribution of this paper is to present an
applied model-based approach to requirements of a diabetes
medical system called the Continuous Infusion Insulin Pump
(CIIP) system. The approach suggests the creation of a CPN
model for validating the safety-critical medical system that
should satisfy diabetic’s safety requirements. We propose a
generic structure for the CPN model to address the modeling
of the CIIP system, and the diabetics that use the system. We
use the facilities of the associated software tool called CPN
Tools to perform the modeling and analyzing the system.
Keywords: Continuous Infusion Insulin Pump (CIIP),
Colored Petri Net

1

Introduction

The diabetes medical system called the Continuous
Infusion Insulin Pump (CIIP) system is a safety-critical one
being responsible for the diabetic’s safety. We specified the
system behaviour in [1]. Diabetes is a medical condition
where the body does not manufacture its own insulin which is
used to metabolize sugar. The blood sugar levels should be
within a safe range. A high level of blood sugar is dangerous
in the long-term and the diabetic may be afflicted with kidney
or eye diseases. A very low level of blood sugar is very
dangerous in the short-term and can causes diabetic coma and
death. The CIIP system monitors the patient’s blood sugar
level then calculates the amount of insulin needing to be
delivered.
This paper presents an applied model-based approach to
requirements engineering of CIIP system. In a model-based
approach the system is specified in terms of a state model that
is constructed using mathematical constructs such as sets and
sequences. Operations are defined by modifications to the
system’s state. The principal benefits of formal methods are
in reducing the number of errors in systems so their main area
of applicability is critical systems. In this area, the use of
formal methods is most likely to be cost-effective. Thus, the
use of formal methods is increasing in critical system
development where safety, reliability, and security are
important.

The approach aims at obtaining a model that describes
the requirements. We use Coloured Petri Nets (CPNs or CPnets) for modelling and analyzing the CIIP system. The CPN
modelling language was chosen, since CPN models are
executable and formal, can provide a good balance between
graphical and textual constructs, can address both the
behaviour and the data of the system, and handle modelling
aspects such as concurrency and locality in a graceful manner
[2].
The remainder of this paper is organized as follows.
Section 2 analyzes the behaviour of CIIP system. Section 3
introduces CP-nets. Modelling CIIP system using Petri Nets
are presented in Section 4 and it also contains a brief
description of CPN Tools. Section 5 contains a discussion of
our results and we conclude in Section 6.

2

Analyzing the Behavior of CIIP

In this section we present the CIIP system behaviour
based on its interaction to the diabetic patient. The CIIP
system is used to deliver regular doses of insulin to diabetics.
A block diagram of the CIIP system is shown in Figure 1.
The CIIP system is considered as a reactive system that
measures the level of blood sugar every 10 minutes and reacts
to diabetic by a dose of insulin if necessary i.e. if this level is
above a certain value and is increasing then the dose of
insulin is computed and injected into the diabetic or if the
system detects abnormally low levels of blood sugar, an
alarm is sounded to warn the diabetic that they should take
some action. The clock sends an interrupt per ten minutes to
the input device to monitor the diabetic patient. Sensor,
Measures the level of sugar in the patient’s blood. The system
controls its environment through insulin whose dose value is

Figure 1 The CIIP System Interaction Model
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Formally, a Petri net is defined by a 5-tuple:
PN = (P, T, F, W, M0) where: [9]

Considering the physician's expectations, safety
requirements are as follows: [1]
(SR1) “Blood sugar never falls below safe-min”
(SR2) “The diabetic should not overdosed on insulin”
(SR3) “The system should deliver no unnecessary insulin”
(SR4) “The system should deliver no short of insulin”
Considering the physical constraints, three safety
requirements are elicited:
(SR5) “The system sensor should not be early in sampling”
(SR6) “The system sensor should not be late in sampling”
(SR7) “The system reservoir should not consist of
insufficient insulin at the time of dose delivery”.

3

CPN Modeling Language and CPN
Tools

We use CPNs for modelling and analyzing our model.
Therefore, this section will introduces the modeling language
Colored Petri Net and the CPN Tools briefly.

3.1

Colored Petri Nets

Petri Nets provide a graphical modeling language or
notation well suited for concurrent and distributed systems in
which communication, synchronization, and resource sharing
play an important role [3]. The portion of this paper focuses
on the use of Colored Petri Nets [4,5] (CP-Nets or CPN) for
modeling and analyzing CIIP system.
The CPN model describes both the state and the events
of a system. The state of a system is represented by places
(drawn as ellipses or circles) and the events are represented
by transitions (drawn as rectangular boxes). The arcs (drawn
as arrows) connect a place to a transition and vise versa (see
Figure 2). Places can be marked with tokens; each token has
data value attached to it which is called token color. By firing
a transition, showing the occurrence of an event in system, a
token would be omitted from each input place, and the token
would be placed in each output place. The movement of
tokens shows state change in modeled system. The inscription
language i.e. the language for defining data types and for
modifying data is based on popular functional language
Standard ML [6, 7, 8].
In CP-Nets the passage of time is modeled by global clock. In
the timed CPN models, tokens carry a timestamp denoting the
earliest (model) time at which the token can be used, i.e.,
removed by the occurrence of binding element.



P = {p1 , p2, ….,pm} is a finite set of places



T = {t1,t2,….,tm} is a finite set of transitions



F  (P × T)  (T × P) is a set of arcs (flow relation)



W: F → {1,2,3,…} is a weight function



M0: P → {0,1,2,3,…} is the initial marking



P  T =  and P  T  ."

Any number n  1, as a number of weight function, written
on an arc, if the arc connects a place to a transition will mean
the necessary requirement for enabling the transition is
existence of n tokens on the place and if the arc connects a
transition to a place will mean that by firing of the transition,
n tokens will be placed on the place.

3.2

CPN Tools

CPN Tools [10] is a graphical software tool that supports
modification, simulation, state space analysis, and
performance analysis of CPN models. While constructing a
model, syntax checking is incrementally performed by the
CPN tool. CPN Tools allows one to create a visual
representation of a CPN model which is based on interaction
techniques, such as tool palettes and marking menus. It is
possible to explore the behavior of the modeled system using
simulation, and to conduct simulation-based performance
analysis which is described in Section 4. A license for CPN
Tools can be obtained via the CPN Tools web site [10]. The
reader is recommended to refer to [11] for further information
and guidelines for CPN tools.

4

The CPN Model for CIIP System

CPNs support a powerful module mechanism to support
hierarchical construction of a model. The hierarchical
approach of CPN allows for separation of concerns in a
semantically clean manner. A straightforward idea is to create
a module for diabetic and a module for CIIP system. Figure 2
shows the topmost module of the hierarchical CPN model.
The detailed activity associated with each of these
entities can then be represented on a subpage associated with
it. Such transitions are called substitution transitions. In CPN
Tools, a substitution transition is shown with a double border.
The arcs in this figure summarize the overall flow in the
system, which is, measuring the blood sugar level from
diabetic via sensor and determining insulin dose value by the
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The difference between timed and untimed CPN is that
in timed CPN, tokens carry another value called timestamp.
For declaring such a timed token we can use CPN ML key
word timed at the end of declaration.

Figure 2 The top level module depicting an
abstract view of the system
CIIP system and injection dose of insulin via pump if
necessary.
The color set declarations for CIIP system are given in
Figure 3. The BSL (Blood Sugar Level) encode the blood
sugar level which according to the physician, blood sugar
value varies from 1 to 20 where values: (1)below safe-min
are low, (2)between safe-min and safe-max are normal, and
(3)over safe-max are high[12]. The minSafeValue i.e. the
safe-min represents a very low level of sugar. The INSULIN
shows the dose of insulin in system.
colset BSL = int with 1..20 timed;
colset INSULIN : INT;
val minSafeLevel;
val maxSafeLevel;
Figure 3 Color set for system

The activities associated with a CIIP system are
modeled in the subpage CIIP System shown in Figure 4. In
this net, when the sensor measure the blood sugar the state
will change to Sampling by firing the T1 transition. This will
happen every 10 minuets that it is controlled by Clock place
which avoids violation of SR5 and SR6. The time stamp of
this token denotes the earliest time the next sampling will be
take place. If the diabetic's blood sugar is below the safe
minimum determined by minSafeValue, no insulin shall be
delivered and the system state will change to the Alarm place.
This is controlled by the guard [bsl<minSafeValue]
associated with T5 transition. These guards insure the safety
requirements of physician's expectations. In general, a guard
may be any arbitrary sequence of boolean expressions
belonging to the underlying programming language CPN ML.
Otherwise, the state will change to Computing state. The
system will change from the Computing state to the Pump
state when the system reservoir has sufficient insulin. The
inscription @+procDelay() on transitions T3,T4 adds a delay
to the time stamp of the measured blood sugar token for
processing delay.
The system reservoir is depicted in Figure 5. The place
Availability shows the available amount of insulin in
reservoir. The guard [insulin>1] associated with the transition

Figure 4 The CIIP system module
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times the blood sugar level fall under the safe-min. The
initialization and stop functions are not used to collect data
from markings. The data values that are returned by the
observation function are used to calculate statistics.
Simulation output is most often random and the statistics in a
simulation performance report are unreliable. Confidence
intervals are often used to evaluate the accuracy of
performance measure estimates. Accurate confidence
intervals can only be calculated for data values that are
independent and identically distributed (IID) [2]. Figure 7
shows an excerpt of performance report contains reliable
estimates of performance measures for our data collector
monitor based on IID data values. The statistics shown in the
figure are calculated for IID estimates of performance
measures that were collected from three simulation
replications.

6. Conclusions and Related Work

Figure 6 Diabetic Module
capture this constraint to the place CheckInsulin. In the lack
of enough insulin the transition InSufficient fires. Firing this
transition shows the changing insulin reservoir and the
consumed time for this work is modeled by
@+exchangeDelay() next to the InSufficient transition.
The final component of our model is the Diabetic,
shown in Figure 6. In our present example we model the
patient blood sugar by generating random number between 1
to 20 as blood sugar level. We could take advantage of the
modular approach supported by CPN and enhance the
behavior of each module without affecting the other
components of the system.

5. Results
During simulating of a model we can examine and
extract information from the states and events without having
to modify the structure of it. In CPN Tools it is possible with
monitors. A monitor is a mechanism that is used to observe,
inspect, control or modify a simulation of a CP-net. [11]
CPN Tools support different kinds of monitors.
Depends on our purpose we can use one kind of them. For
example we use a data collector monitor to calculate the
average count of firing T5 transition that it means how many

The CIIP system is a safety-critical embedded system,
and the high reliability of the software used in the pump is
crucial. To achieve the high reliability of software is to build
an accurate and complete model through effective analysis
and specification, and to implement the system based upon
the specification. So, in this paper, we present a model-based
approach to requirements engineering for (CIIP) system. In
[1], presents a framework for specifying the behavior of the
CIIP (Continuous Infusion Insulin Pump) safety-critical
medical system that satisfies diabetic’s safety requirements.
Related to this work, this approach suggests the creation of a
CPN model for validating the safety-critical medical system
that satisfies diabetic’s safety requirements of the system
under development. We use the facilities of the associated
software tool called CPN Tools to perform the modeling and
analyzing the system. Also, we showed how we can use CPN
Tools facilities in order to measure the performance metrics
of system. We can use these facilities like Monitors for
validating the safety requirements of the CIIP system.
In [11], Wells describes new facilities that are fully
integrated in CPN Tools and that support simulation-based
performance analysis using CP-nets. Also, by using a simple
example of a network protocol, illustrates how we can use
these facilities for collecting data during simulations, for
generating different kinds of performance-related output, and
for running multiple simulation replications.
In future we extend the Diabetic and CIIP System
modules to represent the body reaction and behavior of the
system more precise respectively.
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Abstract— The Major Histocompatibility Complex
presents endogenous peptides on cell’s surface for
recognition by the immune system. It is essential to
know its structure to understand how it interacts with
antigens. We performed a cross modeling to verify if it is
possible to model MHC alleles with the correct structural
requirements.

In this work we reproduced the three dimensional
structure of the alpha-chain (which contains the MHC
cleft) of two murine alleles H2-Db and H2-Kb (22-296
amino acid region, Uniprot accession: P01901 and P01899
respectively). These alleles have remarkable structural
differences in antigen presentation. In both cases, we
modeled one allele using exclusively templates from the
other.

Keywords: protein modeling, MHC murine allele, structure
analyses, peptide:MHC complex.

2. Material and Methods

1. Introduction

In order to build a model for H2-Db we used template
structures of H2-Kb alpha-chain, and H2- Db alpha-chain
templates for H2-Kb model construction (Table 1). These
alleles have structures deposited in the Protein Data Bank
(PDB), which served as quality control. Homology cross
modeling and optimization of the models were performed
with the software Modeller version 9v7 [3].
To choose these templates structures, we downloaded
all H2-Kb and H2-Db FASTA sequences from PDB and
performed the alignment using Muscle Multiple Protein
Sequence Alignment software [4] and visualized using
JalView multiple alignment editor [5]. We care not to
choose mutated structures, which means our templates are
purely H2-Kb and H2-Db.
We performed the same process for each modeling.
Using Python scripts and the Modeller methods with
default parameters, we generated 100 models. Also, we
calculated the Discrete Optimized Protein Energy (DOPE)
score of these models - which is a Modeller parameter to
assess the energy of the protein model generated.
Evaluation of stereochemical and structural quality for
all models was carried in Procheck v.3.5 [6]. The results
of the Ramachandran plot and the DOPE score were
evaluated together. If we could not find at least three
satisfactory models, we repeated the modeling process for
100 more models. Also, all models that presented amino
acids in the disallowed region of the Ramachandran plot
were discarded.
On a second phase, we refined the loop regions of
the three selected models. To determine the regions of
each model that should be refined, we selected the amino
acids which were in generously and in additional allowed
regions of the Ramachandran plot using NOC 3.01 [7].
Swiss PDB Viewer version 4.0.1 (SPDBV) [8] was used
to determine whether these amino acids were a coil or not.
For each residue we refined the whole loop region where

The immunologic surveillance is performed by
molecules (e.g. antibodies and complement system) and
cells (e.g. T and B lymphocytes, Natural Killer cells)
which are triggered depending on the type of infection.
In the specific context of viral infection, a special set of
molecules named Major Histocompatibility Complex class
I (MHC-I) perform a pivotal role in adaptative immune
response. The MHC-I molecules (referred to HLA in
humans and H-2 complex in mice) consist of three
alpha-chains (α1, α2 and α3) and one β2-microglobulin.
Each MHC-I allele is able to bind a different range of
peptides (8-12 amino acids), which make it difficult for
pathogens to evade immune responses. The Cytotoxic
T Lymphocytes (CTL) interacts with this peptide:MHC
(pMHC) complex in order to identify the presentation
of self and non-self peptides, in the latter case leading
to lysis of the host cell. Moreover, the MHC-I is also
involved in the development of autoimmune disorders
and rejection of allogeneic transplants.
The study of MHC three-dimensional structure can
reveal details about its involvement in those important
immunological phenomena. Also, the analysis of the TCR
contact area of the complex peptide:MHC can reveal
shared features among peptides derived from pathogens,
with potential application in the development of antiviral vaccines [1], [2]. However, the availability of threedimensional structures is very limited compared to the
large number of existing alleles. Modeling alleles with
unknown structure would be of vital importance for a
thorough knowledge of the structural variation of this
protein and its implications for the elucidation of the
immune response mechanisms. Even though the differences between MHC alleles are subtle (involving few
amino acids), they can mean significant changes in the
presentation of the same peptide.
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Table 1: Templates structures used on the modeling process.
Templatesa

Alleles

H2-Db

H2-Kb

a

1BZ9:A,
1INQ:A,
1S7U:A,
1YN7:A,
3BUY:A,

1CE6:A,
1JPF:A,
1S7V:A,
1ZHB:A,
3CC5:A,

1FFN:A,
1JPG:A,
1S7W:A,
2CII:A,
3CCH:A,

1FFO:A,
1JUF:A,
1S7X:A,
2F74:A,
3CH1:A,

1FFP:A,
1N3N:A,
1WBX:A,
2VE6:A,
3CPL:A

1FG2:A,
1N5A:A,
1WBY:A,
2ZOK:A,

1HOC:A,
1QLF:A,
1YN6:A,
2ZOL:A,

1BQH:A,
1G7P:A,
1LEG:A,
1OSZ:A,
1S7Q:A,
1VAD:A,
2OL3:H,
2ZSW:A,

1FO0:H,
1G7Q:A,
1LEK:A,
1P1Z:A,
1S7R:A,
1WBZ:A,
2QRI:A,
3C8K:A,

1FZJ:A,
1KBG:A,
1LK2:A,
1P4L:A,
1S7S:A,
2CKB:H,
2QRS:A,
3CVH:A

1FZK:A,
1KJ2:H,
1MWA:H,
1RJY:A,
1S7T:A,
2CLV:A,
2QRT:A,

1FZM:A,
1KJ3:H,
1N59:A,
1RJZ:A,
1T0M:A,
2CLZ:A,
2VAA:A,

1FZO:A,
1KPU:A,
1NAM:H,
1RK0:A,
1T0N:A,
2FO4:A,
2VAB:A,

1G6R:H,
1KPV:A,
1NAN:H,
1RK1:A,
1VAC:A,
2MHA:A,
2ZSV:A,

Templates PDB codes and chain.

it was inserted. Each refinement generated 100 models,
and the best were selected to proceed to the next loop
refinement. To decide for the best model, first we chose
those that had improved the Ramachandran plot; among
these, we selected the one with the best DOPE score. If
the combination of the Ramachandran plot and the DOPE
score of the best model was not satisfactory, we repeated
the refinement process and refined 100 more models. At
the end of this process, three refined models, each one
with the best Ramachandran plot and the best DOPE score
possible, were obtained.
After the modeling process, the models were structurally
compared with the crystals (1LK2 for H2-Kb and 1WBX
for H2-Db) using PyMol viewer [9]. In order to evaluate
the functionality of the generated models we proceeded
with a molecular docking method, where pattern peptides for each MHC allele were docked to the respective
modeled MHC. The ligands were obtained changing the
amino acids of those patterns by the FASTA sequence
of the respective MHC control (GNYSFYAL for H2Kb; ASNENMETM and SQLKNNAKEI for H2-Db) using
SPDBV.
To perform the docking, we used AutoDock Vina 1.0.2
[10], and to prepare the files we used AutoDock Tools
version 1.5.4 [11]. This docking technique was already
standardized by our group [2], [12]. Briefly, first we constructed a peptide:MHC complex using AutoDock Vina.
Among the output results, we chose the best complex using
Pymol software based on a series of analyses, such as
peptide orientation inside the MHC cleft and the binding
energy. This was followed by an energy minimization
with GROMACS 4.0.5 [13], to stabilize the interactions
between the MHC and the ligand. Finally, a second
docking was performed in order to construct the final
peptide:MHC complex, which was followed by the same
selecting process described above.

3. Results and Discussion
We generated a hundred structural models for H2-Kb
alpha-chain and two hundred models for H2-Db alphachain, because the first hundred were not satisfactory.
Among these, we chose three models of each allele to
proceed with the loop refinement. Finally, the best models
were selected according to stereochemical and DOPE
parameters (see Material and Methods). DOPE score and
Ramachandran plot were generated for crystal structures,
and Root Mean Square Deviation (RMSD) between model
and their crystals were calculated. These comparisons are
shown in Table 2 and 3.
These results demonstrate that we have achieved good
H2-Kb and H2-Db models. The models DOPE scores are
very similar to the crystals, differing 3,68% for H2-Kb and
1,49% for H2-Db. Also, the core region (which consist of
alpha carbons) of the models is very close to the crystals,
with RMSD values above 2Å. Finally, Ramachandran plot
values are even better than the ones presented by the
crystal structures. Besides, the comparison of secondary
structures between models and their crystals shows that
all β-strands were reproduced in our models, and the little
differences are located in coils. Together, these results
demonstrate that our models present considerable energetic
values as well as correct residues conformation.
Though we had strong evidences that our modeling
was successful, we could not assure that our models
performed the functionality expected for MHC alleles. In
order to verify if they had typical peptide presentation
characteristics, we proceeded with a molecular docking
method, where pattern peptides for each MHC allele were
docked to the respective modeled MHC. In this process,
a pattern 8-mer peptide was docked to our H2-Kb model.
Since H2-Db allele presents 9-mer and 10-mer peptides,
dockings of both ligands with our H2-Db model were
performed. Table 4 presents the docking results for each
complexes, while Figure 1 ilustrates them.
We observed that, in both models, the alpha-chain had
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Table 2: RMSD between structures, DOPE score and percentage of amino acids on each region of the Ramachandran plot
for H2-Kb best model versus crystal 1LK2.
RMSD

Structure

a

H2-Kb model
Crystal (1LK2)
a
b
c

b

all

CA

2,12Å

1,79Å

DOPEc
score
-29110,94
-30223,04

Ramachandran plot regions
Most favored

Additional allowed

Generously allowed

Disallowed

98,7%
94,1%

1,3%
5,1%

0,0%
0,4%

0,0%
0,4%

Root Mean Square Deviation calculated for all atoms
Root Mean Square Deviation calculated for alpha-carbon
Discrete Optimized Protein Energy

Table 3: RMSD between structures, DOPE score and percentage of amino acids on each region of the Ramachandran plot
for H2-Db best model versus crystal 1WBX.
Structure
H2-Db model
Crystal (1WBX)
a
b
c

RMSD
alla

CAb

2,10Å

1,60Å

DOPEc
score
-29753,87
-30203,14

Ramachandran plot regions
Most favored

Additional allowed

Generously allowed

Disallowed

97,9%
91,6%

2,1%
8,4%

0,0%
0,0%

0,0%
0,0%

Root Mean Square Deviation calculated for all atoms
Root Mean Square Deviation calculated for alpha-carbon
Discrete Optimized Protein Energy

Fig. 1: (A) 8-mer:H2-Kb model, (B) 9-mer:H2-Db model, (C) 10-mer:H2-Db model; images generated by UCSF
Chimera [14].

a receptive cleft for appropriate length peptides for each
allele. The peptide cleft has six pockets (A-F) which have
distinct chemical and size characteristics due to polymorphic residues present in different MHC alleles [15], [16].
For example, H2-Kb is the unique MHC allele (among
known murine and human class I) which has a deep C
pocket and preferentially selects octamers. Also, Molano
et al. [17] demonstrated that this pocket characteristic
is responsible for the selection of octameric peptides as
the preferred ligands for H2-Kb and provide insight into
the adaptation of peptides to a rearranged MHC-cleft.
Moreover, H2-Db also has a unique feature, which is
the presence of a tryptophan residue (Trp 73) in the
C-terminal part of the cleft [18]. This residue extends
underneath the peptide, pushing residues six and seven out

of the peptide-binding cleft of the MHC allele. Regarding
these considerations, we built longitudinal sections of
tridimensional images for the cleft molecular surface of
four peptide:MHC complex (models and crystals), in order
to verify if the cleft region of each model reproduced the
expected conformation Figure 2.
As expected, the H2-Kb model presented a deeper
pocket, admitting the arrangement of the anchor residue,
in this case a phenylalanine in the fifth epitope position.
On the other hand, in H2-Db we noticed the presence of
tryptophan 73, which forces the epitopes to assume the
pattern conformation for ligands presented by this type
of MHC. The similarity between model’s and crystal’s
clefts is remarkable considering that H2-Db model was
created from H2-Kb crystals and vice versa, and assuming
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Fig. 2: Sideview of pMHC clefts. (A) 9-mer:H2-Db crystal 1HOC, (B) 9-mer:H2-Db model, (C) 8-mer:H2-Kb crystal,
(D) 8-mer:H2-Kb model.

Table 4: Docking results for the modeled MHCs whit
their respective ligands.
pMHC complex

Binding energy
(Kcal/mol)

Number of inter
structure
H-bonds

8-mer: H2-Kb
model
9-mer: H2-Db
model
10-mer: H2-Db
model

-11,8

9

-9,2

10

-10,2

12

that these alleles have outstanding differences. Thus, the
docking results as well as structural analyses of the cleft
confirm that our models reached our expectations.
It is important to highlight that our modeling procedure
used multiple templates from the same allele, avoiding
the bias of using a template much related to the target.
Nevertheless, in future modeling, of unknown alleles, the
usage of diverse templates probably will provide even
better results.

4. Conclusion
Through our cross-modeling process, we were able to
reproduce the alpha-chain of both MHC murine alleles
(H2-Kb and H2-Db). The generated models not only
achieved excellent stereochemical values, but also presented peptide clefts with all required functionalities for

each allele. This work enables the modeling process for
MHC alleles that are not deposited in proteins structures
banks. The knowledge of these tridimensional structures
can supply the basis for the study of important immunology issues and a better understanding of autoimmune
disturbs etiology, the susceptibility to infectious diseases
of some alleles, the comprehension of histocompatibility
mechanisms and the development of rational vaccines.
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Abstract - Control techniques have been an important
part of engineering studies. This work will show an
optimal control architecture developed over the
mechanical respiratory system math model. The main
objectives are designing and evaluating a controller
architecture and performance indexes, looking how to
improve the breathing process of a COPD (Chronic
Obstructive Pulmonary Disease) patients. Performance
indexes like ISE, ITSE, QPI and TQPI will be used in the
design of the controllers. Results are contrasted with ill
and healthy breath curves; finally we consider the control
action measure because its extreme change could hurt the
patience.
Key words - Computational Systems Biology, Biomedical
engineering, Computer-based medical systems.

1

INTRODUCTION

A controller design using optimal control methods
will take place in this work, its purpose is improve the
breathing process in patients suffering Chronic
Obstructive Pulmonary Disease (COPD) being this the
fourth cause of death in the world. The work has two
parts: First a medical terminology is exposed, it will be
useful in further development; next the respiratory
mechanical system simulation will be shown where is
possible to see the breathing deficiencies that a COPD
patience has. The controller design and its optimization
are presented followed by its SIMULINK® simulation
just before analysis and results.

2
2.1

Respiratory Mechanical Basics
Respiratory Mechanics

Respiration is all about renewing air inside lungs.
This process has two steps, inhalation (breathing in, air
goes inside lungs) and exhalation (breathing out, air is
forced out of the lungs).

While inhalation is in course the diaphragm
contraction pulls down the lower part of the lungs. In
exhalation diaphragm relaxes and the lung elastic recoil,
thorax wall and abdominal structures compress the lungs
[11]. There are two ways lungs can expand or constrict 1)
by up-down diaphragm movements, lengthening or
shortening thoracic cavity 2) by thoracic cavity elevation.
The lung is an elastic structure that collapses like a
balloon and expels air through the trachea whenever there
is no force to keep it inflated, because of this there are
different types of pressures who make its stability easier,
one of them, pleural pressure, is the pressure of fluid in the
thin space between the lung pleura and the chest wall
pleura; inhalation diaphragm and intercostals muscles
expand chest cavity, this expansion lowers the pressure in
the chest cavity below outside air pressure making air
flows in to compensate pressure differences. During
exhalation the opposite case happens, a positive pressure
takes place in chest cavity making air goes out [11]. The
respiratory mechanics consist in a regular pressure
changes inside chest cavity, caused by their own volume
changes.

2.2

Mechanics at rest and during exercise

In low respiratory request situations a healthy human
breathes between twelve and fifteen times in a minute,
therefore the respiratory volume by minute average 6 l/min
[11]. In this situation can be considered that inhalation
process is the only part when muscle work is done since
thorax is expanded by diaphragm and intercostals muscles.
In exhalation process this muscles just relax and air goes
out in a natural way, muscle and thoracic elasticity
generate enough pressure to throw air out.
During exercise exist a huge respiratory requirement,
what forces to increase the frequency and volume of
breathing. In these cases from 40 to 50 per minute, and the
tidal volume can become as great as the vital capacity This
can give a minute respiratory volume greater than 200
L/min [11]. Working on high requesting respiratory
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situations a harder muscle work is needed, because of this,
the scalene and sternocleidomastoid muscles work too.

2.3

Parameters and anatomy of respiratory
model

An important parameter in respiratory mechanic is
the alveolar pressure; it will be the summation between
pleural pressure and lung elastic recoil pressure, the last
can be described as the difference between the pressure in
the alveoli and the pressure in pleural space.

2.4

Compliance

The volume-pressure slope or volume rate of change
over change of pressure unit is known as compliance or
lung distensibility [10]. The mean lung distensibility in an
adult human being is around 200ml air per centimeter of
water pressure, it means when translung pressure rise 1
water centimeter, lung volume expands 200 milliliters
[10].
Static compliance refers to relationship between
volume and pressure in specific points with no gas flow;
dynamic compliance takes place where pressure and
volume measures are made in points with uninterrupted
flow. Static and dynamic compliances have the same
values in healthy people at low frequencies. Dynamic
compliance defines elastic properties of lung while static
compliance covers all forces that go against volume
increase: lung and thoracic wall. Typical values for
dynamic compliance are 100-200 ml/centimeter of water
and 50/100 ml/cm of water for static compliance [1, 4].

2.5
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Rx

dVx
dt

Vx
C

Pex

0

ti

t ttot (2)

Both breathing phases are considered, inspiratory and
expiratory; the Ri term refers to inspiratory Resistance, Vi
is the inspiratory volume, C Compliance, Pex is the final
expiratory alveolar pressure, Rx is the expiratory
resistance, Vx the expiratory volume, ti inhalation time
and ttot refers to total time.
The excitatory function is represented by P(t) term
(input function), it shows the function generated by the
difference between pressures that allow inspiration. With
this approach is possible to use different frequencies and
respiratory patterns [3].
In this work a less complex respiratory model is used
and particular considerations are taken: Resistance and
compliance values during respiration time will be
constants.
Air flow, in one way or another, is caused by
pressure changes inside thoracic box. This physical
behavior, volumes variation and pressure changes, can be
seen in figure 1.

Resistances

Measure of resistance to gas flow (R) used to be done
in respiratory physiopathology lab through beta angle
measured by pressures and flows, typical values are 3,4+/1,4 cm of water/l/s. In maximal and submaximal human
respiratory stages resistances between 33-110 cm/l/s can
be measured. Usually expiratory resistance (RE) depends
on volume while inspiratory resistance (RI) does not [1, 4].

2.6

Model of Respiratory Mechanics

In Marini JJ. work [8], a dynamic respiratory model
is shown where he describes variation of circulating
volume in inspiration and expiration interval. It allows
modify shapes of waves in each phase plus respiratory
frequency.
This respiratory model proposes a pressure balance
with the next differential equations [3]:

Ri

dVi
dt

Vi
C

Pex

P (t )

0 t ti (1)

Figure 1. Correlation between pressures

2.7

1

COPD

Chronic Obstructive Pulmonary Disease (COPD) is a
pathology process characterized by an air flow progressive
obstruction paired with lung inflammation caused by long
lasting cigarette smoke inhalation, noxious gases, etc. it is
the fourth cause of death in the world.

1

Taken from “Ventilación Pulmonar”. José Joaquín Marte Dr,
[13]
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Symptoms are chronical and progressives: cough,
expectoration and dyspnea (breathlessness or inadequate
breathing).
COPD is the result of interaction between inhalation
and individual response against harmful agents like
cigarette smoke, wood smoke, environmental pollution,
industrial exposition (dust, smoke, steams,etc.). The
highest agent for COPD development in the world is the
cigarette smoke [12].
A simple method for studying pulmonary ventilation
is to record the volume movement of air into and out of the
lungs, a process called spirometry [11]. A normal
spirometry dismisses the COPD diagnosis. Spirometer
makes a graphical record of individual expiratory volumes
when he does a maximal inspiration followed by a deep
exhalation, volume exhaled during first second is known
as Forced Expiratory Volume (FEV) and total volume
expired is the Forced Vital Capacity (FVC).

2.8

3

Software
implementation
and
simulation
of
respiratory
mechanical system

For software implementation we have to define
values for system modeling equations constants. Table 1
shows the average values for these constants in healthy
people [1,5] and chosen values to simulate the system.
Simulation took place in MATLAB® SIMULINK®,
for its implementation the system is turned in state
variables from (1), getting the next result:

x1 Vi
1
P t
Ri

x1

(4)
x1
C

Pex

The follow considerations
implementation and simulation:

Performance Indexes

Formally a Performance Index is defined as a
quantitative measure of a system looking for a tuning set
of parameters to meet the specifications required in an
optimal way [6]. There are different kinds of indexes, the
most used are: ISE (Integral of the Square of the Error),
ITSE (Integral of the Time-Weighted Square of the Error),
QPI (Quadratic performance index), etc.
There are particular performance indexes proposed to
quantify a system behavior. In this article we will work
with performance indexes of the QPI kind, performance
indexes where control action is quantify too. The main
reason to select these kinds of performance indexes is that
an exaggerated control action could hurt the patient [2].
One of the chosen criterion was proposed by Man and
Smith [7], TQPI (Time-Weighted Quadratic Performance
Index):

(5)

were

used

in

Simulation will be run with values shown in table 1.
From (4) and (5) a single system will be used, it
could be exited or not by P(t) in specific time slots.
System can be divided in two stages (0<t<ti and
ti<t< Ttot); P(t) will be on in the first stage, next it
will be equal to zero. P(t) will be consider as a square
signal with Ttot period and ti duty cycle.
Results of Simulink® respiratory mechanical system
implementation will be show next:
Pex function (alveolar pressure) simulation is needed;
it makes part of the whole dynamic system
implementation. Its representation is show in Figure 2.
4

t q e2 (t ) u 2 (t ) dt

TQPI

(3)

3

0
2

Table 1: Typical and implemented values for respiratory
mechanical system simulation.
Typical
Implemented
Parameter
Units
Value
Value
R
4–7
4
cm H2O/l/s
C
50 - 100
50
ml/cm H2O
Pex
Peak: 3.15
Peak: 3.15
cm H2O
V
3-6
3
l
ΔV
0.5
0.5
l
P(t)
15 - 40
20
cm H2O
ti
0.4*Ttot
1.6
s
Ttot
5ó4
4
s

1

0

-1

-2

-3

-4

1

2

3

4

5

6

7

8

9

10

Figure 2. Graphical representation of Alveolar pressure.
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Error signal:

Comparison between healthy and ill
patient

e(t ) r (t ) Vi

First of all the system simulation was made with a
respiratory resistance equal to 4, healthy patient case, then
a respiratory resistance equal to 15 was considered, ill
patient, the last one refers to the minimal COPD
respiratory resistance; other parameters was considered the
same in both cases. Results are shown in Figure 3.

(8)

Control action:

u (t )

3

(9)

1
1
u (t )
Vi
Ri
CRi

Vi

Enfermo
Sano

f e(t )

(10)

Lead-Lag compensator:

2.9

U ( s)
E (s)

2.8

K (a s )
( p s)

W (s) U (s)
E (s) W (s)

(11)

u (k 1) Tw(k ) (1 Tp )u (k )

(12)

2.7

Discrete system equations:

2.6

2.5

2.4

1

2

3

4

5

6

7

8

9

10

Figure 3. Continuous line: respiratory volume of COPD
patients. Dashdot line: respiratory volume of healthy
patients.

4

w(k )

5

Controller

The controller design was made over a Lead-Lag
compensator [13]. Looking for an optimal system
response, gains were calculated using Generalized
Reduced Gradient (GRG2) Algorithm for optimizing
controller.
Follow considerations were taken in order to simulate
respiratory system:

K a e( k )

1
u (k )
Ri

1
Vi (k )
Ri C

(13)

Controller optimization

Controller optimization was done using GRG2
algorithm, it looks for performance indexes minimization
(ISE, ITSE, QPI, TQPI.

5.1

Lead-Lag compensator:

In controller optimization a specific form of the TQPI
index is used, it was presented by Kanchanaharuthai A.
[9]:

Controller design will consider just inhalation stage,
because goal is ill people inspire enough air with
each inhalation, exhalation phase is done naturally.

t q e2 (t ) u 2 (t ) dt

J

(14)

0

The input signal is the difference between excitatory
function input and final expiratory alveolar pressure:

r (t )

P(t ) Pex .

r(t) function is taken like a step function, that is the
shape expiratory function has during inhalation stage.
During design alveolar pressure function is not
considered, it can be taken like a system perturbation.

4.1

Controller design
Respiratory system in inspiration stage:

1
Vi Pex P (t )
C
r (t ) P(t ) Pex


RV
i i

(6)

(7)

Table 2 contains a summary of obtained parameters
after controller tuning:

Table 2. Gains, poles and zeros values of the optimized
compensator for different performance indexes.
ISE

ITSE

QPI

TQPI

K

13,6165

19,5163

3,4005

0,3343

a

27,5412

19,1777

1,4563

86,5685

p

9,0908

8,6856

4,7484

7,5738
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6

Simulations

Results of SIMULNK® simulation are shown in
Figure 4.
All controllers meet response expectations, they are
close to a healthy person pattern. Now we will proceed
with control action measure; it could not be so huge or it
will hurt patients. Results are shown as follow (Figure 5):

3.2
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3
2.8
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Figure 5. U(t)-control action. Up to down: ITSE, ISE, QPI,
TQPI
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3.2

Conclusions and further works

Previous work was developed over a simplify system,
considerations made to controller design were correct and
an optimal response was reached. Performance indexes
that bring best results were those where the goal is to
minimize temporal response, they bring a best pattern.
An important part of the study is the control action
measure, it cannot be so huge because it could hurt the
patience or if a hardware device develop will be planned.
In this case performance indexes who best fit restrictions
were those who work with control action (QPI, TQPI).
Reduced control action sacrifices system speed response.

3
2.8
2.6

0
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6

8

10

12

3.2
3

The best result was found with TQPI index, it mixes
time response and control action minimization, matching
with system requirements.
In the future other diseases could be studied and
different kinds of architectures could be evaluated over
this system; even fuzzy controllers could be considerate. A
hardware implementation could be developed to increase
the quality of life of the COPD patients.

2.8
2.6

0
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8

10

Figure 4. Respiratory mechanical system-Lead/lag
controller simulation results.
Continous line: Controlled system.
Dashdot line: COPD patient.
Dashed line: Healthy person.
Up to down: ITSE, ISE, QPI, TQPI
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Abstract: The paper presents the study of dynamic visualization of human immune cells development
with Java applet technology. A special focus is based on the development of T-lymphocytes (T-cells). The
T-cells have a special function to defeat various infections and tumors. The related Java code segments
are also included.
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1 Introduction
Human cells are the basic components of the human body. The simulation of human cells
development has an important role on the study of cells activities and related illness, such as
cancer. Cancer is one of the most dangerous illnesses in our society. Even though we have made
a great deal of achievements in the war fighting with cancer, we still have very limited
knowledge about the mechanics in the development of the cancerous cells.
In the past decades, chemotherapy has been one of treatment approaches for cancer. Actually it is
pretty effective for certain types of cancer. But as most people know that it also harms the good
cells of human body, especially the white blood cells that should be the major source of the
defense system for human body. Therefore, for some types of cancer, the chemo may do more
harmful than good.
In recent research, a theory of immune system vs. cancer is proposed [1]. There are three states
for immune system dealing with cancer: (a) safe sate – the immune system detects and kills the
cancer cells; (b) equilibrium state – the immune system found the cancer and kept the cancer
cells in check; (c) unsafe (sick) state – the immune system may not find the cancer, or the cancer
cells have ways to escape the patrol of the immune system.
Actually, we can find that there are cancer patients who have survived for many years without
doing any treatments. This is a proof that the immune system has killed the cancer or kept the
cancer in an equilibrium state [2].
The basic components of immune system that deals with the cancer include natural killer (NK)
cells, T cells and B cells. The T cells have a special role: CD4 T cells (T4 cells, in short) help to
activate the other components of immune system, and CD8 T cells (T8 cells) kill the bad cells.
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Therefore, the development of T cells is very important, and this paper will present the
simulation on T cells development.
The dynamic visualization of the cells development or movement is very important for
understanding and analysis of the calls activities and response of immune system. As the
variables and expression models the foundation of mathematics, the visualized cells and their
movements based on computer simulation will be the fundamental model for cells biology.
The paper is structured as follows. The next section briefly introduces the human immune system
and related activities. T-cells development, its simulation design, and related Java applets
techniques are introduced in the case study of section 3, which is followed by the conclusion.

2 Human Immune System
When an invader (called pathogen) gets into human body, the first response is from the so-called
innate immunity. The innate immune response can quickly recognize and remove the most of
common bacteria, viruses, or other types of harmful objects [3].

Figure 1 A clone of effector cells
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When the invader passes through the innate immunity, the adaptive immunity takes over and acts.
Unlike the innate immunity, the initial adaptive immune response is slow, focused, but long-term
effective for the specific pathogen. When the same invader comes again, the adaptive immunity
will be very fast, and effective.
The white blood cells are the main solders for both innate and adaptive immunities. B cells (B
lymphocytes) and T cells (T lymphocytes) are the major forces taking care of adaptive immunity.
The basic principle is described as follows.
The “eyes” of B cells, the recognition molecules are called immunoglobulins, while the “eyes” of
T cells are called T-cell receptors. The two are also referred as the receptors of lymphocytes. The
immune system produces a great amount of antigen receptors. Therefore, the immune system can
recognize and match all kinds of molecule structures.
When detecting a pathogen or a bad cell (cancer cell), the immune system first makes the
matching - one of the million different types of lymphocyte receptors may fit the molecule
structure of the bad cell. Then the process of clone selection is initiated – the matching
lymphocytes (T cells and B cells) will divide and differentiate, producing a clone of effector cells
that have potential to eliminate all the bad cells, the simulation of Java applets shown in Figure 1.
The URL for the Java applets is: http://zwang.vwc.edu/~jwang/cell.html.

3 Case Study
The case study is focused on the development of T cells. Figure 2 shows its simulation with Java
applets. The URL for the Java applets is: http://zwang.vwc.edu/~jwang/tcell.html.
Both B cells and T cells grows initially from bone marrow stem cells. B cells remains in the bone
marrow for rearranging their immuneglobulin genes, the name B coming from bone. The
precursors of T cells leaves the bone marrow, and enters the thymus for maturing, the name T
from thymus.
The maturing process of T cells in thymus has two important stages: the positive selection and
negative selection, detailed as follows.
3.1 Positive Section
During the maturing process in the inner cortex of the thymus, only a small portion (1-2%) of the
cells (double positive thymocytes) has the receptors that can interact with one of the MHC
(major histocompatibility complex) class I or II isoforms, being selected to mature further, and
leaving the majority to die, shown in Figure 2 (b). the double positive thymocytes will become
single positive ones - CD4 T cells interacting with MHC class II molecules, CD8 T cells with
MHC class I molecules.
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3.2 Negative Selection
Following the positive selection, there are T cells whose antigen receptors bind too strong to the
complexes of self-peptides and self-MHC molecules presented by cells in the thymus. The
negative selection deletes such T cells being potentially auto-reactive to cause tissue damage and
autoimmune disease, shown in Figure 2 (c).

(a)

(c)

(b)

(d)
Figure 2 Development of T cells

The construction of the simulation design is based on the Java applets and threads. First, there is
a function representing the thymus frame outlook as follows.
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private void OutStruct(Graphics g)
{
g.setColor(Color.black);
g.drawString("Subcapsular", 5, 110);
g.drawString("Cortex", 5, 150);
g.drawString("Cortico-Medullary", 5, 190);
g.drawString("Medulla", 5, 240);
// left part
g.drawArc(10, 60,80,60, 0, 100);
g.drawArc(10, 70,70,60, 0, 90);
// center
g.drawArc(90, 40,220,100, 0, 180);
g.drawArc(100, 50,200,100, 0, 180);
// left leg
g.drawPolyline(x1, y1, 6);
//right part
g.drawArc(310, 60,80,60, 80, 100);
g.drawArc(320, 70,80,60, 90, 90);
// right leg
g.drawPolyline(x2, y2, 6);
}

In the code, x1, y1, and x2, y2 are arrays to determine the coordinates of the related points. The
following code segment draws the phase when the T cells progenitors entering the thymus shown
in Figure 2 (a).
OutStruct(g);
for(int i=0; i<6; i++)
for(int j=0; j<2; j++)
{
g.setColor(Color.blue);
g.fillOval(130+i*25, 70+j*22, 20, 20);
g.setColor(Color.black);
g.drawOval(135+i*25, 75+j*22, 10, 10);
}
// TITLE
g.setColor(Color.red);
g.drawString("Phase I: thymocyte progenitors
entering the thymus", 35, 25);

The simulation for the positive selection is created in the following code segment, where the
cortical epithelial cell is colored light orange, and cells to be deleted is in color blue and
attaching to the epithelial cell.
g.setColor(new Color(204, 153, 0));
g.fillPolygon(x3, y3, 8);
g.setColor(Color.black);
g.drawOval(192, 132, 17, 17);
// cells to be removed
g.setColor(Color.blue);
g.fillOval(155, 130, 20, 20);
g.fillOval(225, 130, 20, 20);
g.fillOval(190, 110, 20, 20);
g.fillOval(190, 150, 20, 20);
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The following code segment gives the visualization of the negative selection for T cells maturing,
where the medullary epithelial cell is colored dark orange.
g.setColor(new Color(204, 0, 0));
g.fillPolygon(x4, y4, 8);
g.setColor(Color.black);
g.drawOval(192, 182, 17, 17);
// cells to be deleted
g.setColor(Color.blue);
g.fillOval(155, 180, 20, 20);
g.fillOval(225, 180, 20, 20);
g.fillOval(190, 160, 20, 20);
g.fillOval(190, 200, 20, 20);

The code to represent the last phase, the matured T cells leaving the thymus and entering the
blood circulation, is very similar to the code for the first phase, just with a layout of a fewer of T
cells.
A thread object is created for controlling the timing for the transmission from one phase to the
next one. The thread techniques can be found in most of Java reference books [4].
4

Conclusion

This paper presents the simulation of the development of T cells with Java applets and a thread
object. The visualization of T cells and their dynamics gives a clear picture for understanding the
production of a clone of effector cells for the adaptive immunity as well as the four phases in the
development of T cells, especially the positive selection and negative selection processes. A
further study includes the simulation of the development of B cells and other components of
human immune system.
5
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Abstract— A combination of a Liquid State Machine (LSM)
and the Multilevel Hypermap Architecture (MHA) is used
for analysis of stimulus related data, exemplified by fMRI
studies with auditory stimuli. Results show an improvement
of discrimination in comparison to statistical methods.
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1. Introduction
The aim of our work in the last years was to find an
artificial neural network structure for the analysis of time
series which can be used in a better way than conventional
statistical methods. The analysis of stimulus related data
is a common investigation method in neuroscience. Any
improvement of analytical methods can be helpful for better
understanding the complexity of the brain. In this sense
also alternatives to common statistical methods, like the
proposed structured neural networks, should be investigated,
especially their usefulness in respect to the stimulus related
data analysis.
One approach to explore stimulus related functional maps
in the brain is the use of functional Magnetic Resonance
Imaging (fMRI). Besides statistical methods ([1]) recently
artificial neural networks are used for analysis of fMRI
data sets ([2], [3], [4], [5]). A combination of a Liquid
State Machine (LSM, ([7], [8], [9], [10]) and the Multilevel
Hypermap Architecture (MHA, [12], [13], [16], [17]), called
LSM-MHA, is used for analysis of stimulus related data,
exemplified by fMRI studies with auditory stimuli. The MHA
is an extension of the Hypermap introduced by Kohonen.
The new attempt to the data analysis published in [11] is a
combination of a spiking network with a self-organizing map
as a readout. The neuron model of Izhikevich [6] is adapted
for using as a Liquid State Machine. In addition to older
experiments ([18]) a new training strategy for the MHA is
introduced. The BrainVoyager software ([19]) is used for a
better visualization of the results.

2. Main Results
As was expected and known from older experiments ([18]),
the classification of the fMRI data with the LSM-MHA shows
similar results in comparison to the statistical tests. But in
average we get an improvement of discrimination of about 15

percent. Furthermore it is necessary to eliminate any artifacts
and make a normalization (baseline, amplitude) of the data
before processing by the network.
Even if not comparable directly because of the absence
of a common evaluation criterion, it is necessary to find a
procedure for comparing the results of the used statistical
methods with the MHA. This is done by creating a VOI from
the results of the statistical test, which represents the part
of the brain where the activity correlates with the stimulus.
With the data of this VOI the LSM-MHA is processed and
the results from this process are transfered into another VOI.
Comparing the mean time courses of both VOI’s leads to the
already stated result of an improvement of discrimination and
a better selectivity of the LSM-MHA method in contrast to
our statistical tests. (see Fig. 1).
With the implementation of the MHA algorithm in MATLAB and the integration of an interface to BrainVoyager it
is possible to visualize the classified data in VOI’s.

3. Conclusions
The results of our analysis of fMRI data sets by means
of the LSM-MHA show, that it is possible to analyze such
periodically structured data. Furthermore is the LSM-MHA
an useful complement to conventional statistical methods
in this field. Because of its character like a simultaneous
auto-correlation and cross-correlation to the stimulus it has
a higher selectivity and discrimination than statistical methods. Even it seems to be comparable in results, the LSMMHA has in addition to standard ICA algorithms, which,
by definition, are not able to estimate statistically dependent
sources ([23]), the power to project these dependencies in
its hierarchical structure. Therefore the LSM-MHA should
be also a preferred tool for the analysis of other kinds of
stimulus related data, like event related potentials (ERP).
It should be pointed out that the aim of the investigations
was to test the LSM-MHA for that kind of data in principle.
To find new cortical mechanisms and relevant neuronal
structures with fMRI by using structured neural networks
like LSM-MHA will belong to further investigations.
The combination of a Liquid State Machine with MHA
as a readout, called LSM-MHA, is a new attempt for connecting the different time scales of spiking models with
self-organizing maps. The data analysis with this kind of
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Fig. 1: Presenting results in BrainVoyager.
VOI (in blue) represents stimulus corresponding voxels from
LSM-MHA data analysis inside auditory cortex region T3
(VOI in yellow) of right hemisphere. VOI signal courses
are shown for both VOI’s, top (T3) and down (LSM-MHA)
respectively, whereby stimulus signals are in red regions. The
black circles mark one of the regions, where the improvement
belonging to the stimulus discrimination is visible.

structured networks offers new possibilities for stimulus
related data.
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Abstract
A

In the continuing endeavor to create a robust methodology for identifying epileptiform activity in the human
brain the authors present a new tool to identify epileptic
seizures in a noisy domain. This paper presents an additional component for identifying epileptiform activity and
seizures from Electroencephalograms (EEG). We present
a system that combines 1) power spectra similarity measures between channels and successive time intervals with
2) Deterministic Finite Automata (DFA) The power spectra
similarity define a metric that separates the states between
seizure and non-seizure. The use of DFA increases the rigor
of this methodology even when noisy signals are encountered. Herein we present a dual methodology that increases
epileptoid identification in a noisy domain.

1

Introduction

Epilepsy is a neurological disorder that makes people
susceptible to recurrent unprovoked seizures due to electrical disturbances in the brain. Unfortunately, 30% of patients
that suffer from epilepsy are not well controlled on medication. Only a small fraction of these can be helped by seizure
surgery [5]. Therefore, it would be life changing to a large
number of individuals if a system could be developed that
would predict a seizure hours, minutes, or even seconds before its clinical onset. The challenge in this problem is that
the dimensionality is huge; in the human brain there are
approximately 100 billion neurons, each with about 1000
connections (synapses)[20]. Even in the rat brain it is estimated that there are approximately 200 million neurons
[4], [1]. The connections are wired such that the problem
is highly chaotic. In a certain class of seizures it would be
helpful if they could be detected even a few seconds prior
to the start of a seizure. The dimensionality of the problem
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Figure 1. Implantable Tethered System Devices:
(A-D) Stereotaxic placement of cortical electrodes. (E) Dental cement polymer applied to
hold the electrodes in place. Note dental cement on q-tip. (F) The tethered pre-amplifier
connects to the implanted electrodes and
sends the signals to Epilepsy Monitoring
Unit)

can be
significantly reduced, with only a small loss of information by recording electrical potentials at multiple points on
the surface of the skull or, using depth electrodes, in the
hippocampus (EEG). EEGs are accepted as one of the best
means of evaluating neurocognitive functions [12]. EEG
spike/seizure detection and prediction is made more complicated by the following: (1) For a single individual, no
two seizures or even their EEG correlates are exactly alike,
(2) seizures from different individuals vary significantly, (3)
there is no single metric that consistently changes during all

482

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

I

I

IV
II

II

IV

III

III

V
V

VII

VI

VII

VI

Figure 2. Comparing Successive Power Spectra: Direct Screen Capture from Visual Studio Platform showing EEG readings from the 3 depth
electrodes: I. Channel 0 is from the dural
electrodes. II. Channel 1 and III. Channel 2
are from the two stereotaxically placed electrodes in the hippocampi. IV, V and VII Compare the successive power spectra of a given
channel where IV.is Channel 0 V. is Channel 1
and VI. is Channel 2. VII. is the background
power spectra as determined by averaging
multiple successive time intervals

Figure 3. Comparing Integrated Power Spectra: Direct Screen Capture from Visual Studio Platform showing EEG readings from the 3 depth
electrodes: I. Channel 0 is from the dural
electrodes. II. Channel 1 and III. Channel 2
are from the two stereotaxically placed electrodes in the hippocampi. IV, V and VII Compare the integrated power spectra of a given
channel where IV.is Channel 0 V. is Channel 1
and VI. is Channel 2. VII. is the background
power spectra as determined by averaging
multiple integrated time intervals

seizures, (4) correlation among channels can change significantly from one seizure to the next, and (5) even experts
disagree as to what constitutes a seizure [19]. Occasionally,
the reduction in dimensionality does result in an indeterminate mapping from EEG record to animal state (i.e. it is
not surjective or onto). For the reasons listed above, rigid
seizure detection rules do not produce good results [7], [18].
Interictal spikes are brief (20 - 70 ms) sharp spikes of electrical phenomena that stand out when compared to background EEG rhythms and may be indicative of an underlying epileptic process. Because they are considered as an indicator of the presence of epileptic seizures, and may actually precede a seizure (sentinel spike), the detection of these
interictal, transient spikes which may be confused with artifact or noise is indeed a crucial element in the prediction
of epileptic conditions.

itoring alone. The field was further advanced through the
development of a tethered recording system [2] in which
multi-channel cortical and sub-cortical recordings could be
obtained. The quality of recordings were further improved
by incorporating a small pre-amplifier close to the skull, allowing for a significant increase in the signal to noise (S/N)
ratio. As shown in Figure 1, electrodes were placed stereotaxically in the hippocampus and secured in the skull [17],
[16] Additional electrodes were placed directly on the dura.
Dental cement was applied to hold the electrode pins together in a plastic cap that was later connected to the preamplifier. The pre-amplified signal was sent to an amplifier
and from there to a computer for storage.
Our facility has the capability of continuously monitoring up to 64 tethered or untethered rats. Untethered rats underwent video monitoring and the tethered rats underwent
both video and EEG monitoring. This paper will discuss an
algorithm for analyzing the EEG of a rats experiencing an
event that evolves into a P5 Seizure [14] This event occurs
somewhat infrequently, and we have collected EEG data set
with three events that includes both the seizures and several minutes surrounding the events. As seen in Figure 5, a
rat experienced a kainite-induced seizure that evolved from
stage P3 to P5. In frame A, the rat was sleeping. In Frame
B, 58 seconds later, the rat experienced a P3 seizure evidenced by the circular clawing (forelimb clonus). In Frame

2

Recording Epileptogenesis

Until 1992 most EEG analysis was based on analysis
of brain slices [11] or anesthetized animals [3]. Kainic
acid, a chemoconvulsant extracted from seaweed, was introduced to induce seizures in animals. This provided a
major breakthrough particularly with the advent of monitoring the animals on video, but the equally significant subclinical seizures were impossible to detect with video mon-
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2.1

EEG Analysis

For our analysis EEG potentials were sampled at 800Hz.
EEG electrodes were placed bilaterally in the hippocampi
(referenced to a common dural screw) and a separate channel recorded from the dura. Each EEG contains a approximately 100,000 time points. As such, its interpretation is
non-trivial and attempts at automating the analysis have met
with only limited success. In this paper, we seek to demonstrate the efficacy of the DFA algorithm to distinguish all
4 states in each seizure event and distinguish artifact from
interictal spikes and other noise.

3
3.1

Methods
Use of Power Spectral Diﬀerences as
a Metric

For a particular time interval we perform an FFT using
a rectangular or Dirichlet window (optionally Hamming or
Hann windows may also be used to reduce abrupt window
cut off effects) to establish the real and imaginary parts in
the frequency domain, i.e.

Re(f ) =

n−1
∑

(
xk cos2π

k=1

Im(f ) =

n−1
∑
k=1

(
xk sin2π

kp
n

kp
n

)
(1)

II

We then compute the power in each frequency bin,
requency
, (where the
whose width is ∆f = samplingf
intervalwidth
sampling frequency is measured in points per second and
the interval width is measured in points per interval) as
Re(f )2 + Im(f )2 . The time interval in the study has been
chosen to be long enough to capture several individual spike
components, but short enough so that an early detection is

2:25:00

Figure 4. Power Spectra Similarity Measures between Channels 1 and 2: I. Start of seizure. II.
Seizure enters interictal phase.

feasible. Our current time interval is set at 0.64 seconds
(512 points at 800 points/second). Lower and upper frequency bounds are created that reflect frequencies that we
expect to find during a seizure (currently between 3 and 50
Hz).
The authors introduce a metric defined as the Integrated
Power Spectral Difference (IPSD) whereby we compare the
power spectra in either (1) a single channel at two successive time intervals, or (2) two separate channels at the same
time interval. The motivation for this was that there is a
need to see how close one frequency distribution is to the
next because we suspect that during a seizure successive
frequency distributions and powers spectra will be similar
will be similar in any particular channel between one time
point and the next. Mathematically, we define this metric
as:
∫

f reqhigh

P Sch1 (f ) − P Sch2 (f ) df

(3)

f reqlow

where P S(f ) = P owerSpectrum of channels 1 and 2
respectively when two successive time intervals for a single
channel are considered, and as
f reqhigh

P ST1 (f ) − P ST2 (f ) df
(2)
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C, 28 seconds later, convulsive activity stopped and there
was no epileptic activity on the EEG. Frame D was taken
1 minute later and at this point the rat began to experience
a P5 seizure that lasted several seconds. Frames E and F
were taken subsequently and demonstrate the intensity of
the seizure. Not seen in this figure is that this rat was eating
calmly shortly after the end of the seizure. The availability
of EEG data for this seizure and 2 other similar seizures,
along with video, allowed us to test the hypothesis that
a novel deterministic finite automata (DFA) methodology
will be able to differentiate the different aspects (sleeping,
P3 seizure, between seizures, and P5 seizure) of the EEG
record.
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f reqlow

when two different channels are considered at the same
time interval. We note that these metrics are in no sense
unique. We have employed other metrics such as difference
in median, mean and modal frequencies as well as using
frequency weighting (adding more weight to differences in
higher frequencies). Comparing these metrics, it appears
that integral method more accurately separates seizure from
non-seizure states.
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3.2

Deterministic Finite Automata (DFA)

Deterministic finite automata can be used in many applications. We used this methodology to track the current
state of a finite-state EEG system. As time moved forward the particular system state would change dependent
on such quantities as amplitude, slope, second derivative,
Short-Term Fourier Transform STFT (average frequency)
as well as other signal features. For the current analysis,
programming was done using Visual Basic subroutines and
data was stored using the European Data Format (EDF). At
time zero we begin at state zero. The state at the next time
step is assumed to be dependent only on the current system state and conditions (input state) during the current time
step (e.g. slope). A consequence of this is that the current
state is independent of the order in which the input states
occurred (in this sense it is similar to a Markov chain).

A

B
3.2.1

C

D

E

F

Figure 5. Rat 6K2: Progression of a Clinical
convulsive seizure: (A) Video capture shows
the Rat to be in a normal sleeping stage. (BC) Rat exits sleeping stage and starts having
a p3 seizure (racine scale). (D-F) The seizure
magnitude escalades and leads to a violent
uncontrollable seizure - p5 (racine scale).

Illustrative Example of our DFA Methodology

To motivate reader understanding we illustrate the concept
of our usage of DFA using a simplified transition table given
in Figure 8. The table in Figure 8 has a total of seven
columns. The first column is the current system state. As
one moves from one time point of the EEG to the next,
the state of the system changes. The state to which the
system changes is based upon the transition matrix; each
of the columns in the transition matrix represents a current
parametric set (e.g. slope within a particular range). More
generally, the columns may represent a condition in which
current or past parameters have specified values. It should
comprise a collectively exhaustive and mutually exclusive
set such that there are no events that either fall into multiple columns or do not fall into any of the columns. One
proceeds from one system state at a given time point to the
next system state at the next time point until a terminal event
occurs. Terminal events can be the identification of spikes,
seizures or artifact.
As mentioned previously, the first column of the transition table corresponds to the current system state. The
particular input state at the current time (columns 5 - 7) is
ascertained by investigating parameters at that time or at
prior times. For this example, we have three mutually exclusive, collectively exhaustive input states. These are presented in Table 1 where α, and β are limits selected by the
authors using expert knowledge of what parameters would
be characteristic of seizures. The purpose of the IPSD is to
differentiate between the normal state, the possibility of a
seizure, and likely artifact (artifact, such as that noted when
the animal is chewing, is often distinguished from seizure
because the IPSD is much lower).
To register a seizure, there must be 4 time time intervals
in which IPSD falls in the range expected for a seizure (in-
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I

II

III

§2

Figure 6. Rat p3 seizure (racine scale): §1: 6K2’s
EEG state correlating to Figure 5’s Stage B
denoted by circular clawing §2: I. Normal EEG
wave-form while Rat is a sleep. II. Appearance of Sentinel Spike prior to P3 (Racine
Scale) seizure. III. Possible Interictal Spike
often misinterpreted as Artifact and viceversa..

§4

Figure 7. Rat P3’s Seizure (Racine Scale): §3: I. A
P3 (Racine Scale) seizure in progress. II. Period of no Electrographic seizing activity. III.
Electrographic outburst indicating the violent
seizure time. IV. End of Electroencephalographic seizure event. §4: Covers periods D,
E and F in Figure 5 showing the EEG analysis
while 6K2 experiences the P5 (Racine Scale)
seizure Figure 5.
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Input State Conditions
1

| IP SD | > α

2

α > | IP SD | > β

3

| IP SD | < β

Table 1. Three mutually exclusive, collectively exhaustive input states. Where α, and β,are user
selected constants. The particular state is
defined by the IPSD metric

put state 2). This sequence must occur before one obtains
three IPSDs greater than this range or three IPSDs less than
this range. In this example a seizure is indicated by system
state 36.
We now consider the sample path through the transition matrix illustrated by the chain of circles noted. For
this sample the sequence of input states are assumed to be:
2, 1, 3, 2, 2, 1, 2 We initially start with state 0, time interval
0. At this time, the IPSD was calculated to be appropriate
for a spike, i.e. α < IP SD < β. As a result the transition
matrix indicated a change to system state 3. For the second
time interval the input state was calculated to be input state
= 1, and the transition matrix (row 3, column 5) indicated
a change to system state 15. In the next time interval input
state 3 was calculated and the system state of 15 (row15,
column3) was determined. Subsequent input states could
then be coupled with the current system states to draw a
time path through the transition matrix. In this case, a spike
is registered at the end of the path because state 32 is obtained at the end of the chain. Had there been too many
IPSDs that did not meet criteria, the system state would return to zero (see for example system state 12, input state
1).

3.3

State

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

# of 1’s

0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1
1
1
2
2
2
2
2
2
2
2
2
2
2
2

# of 2’s

0
0
0
1
1
1
2
2
2
3
3
3
0
0
0
1
1
1
2
2
2
3
3
3
0
0
0
1
1
1
2
2
2
3
3
3

# of 3’s

0
1
2
0
1
2
0
1
2
0
1
2
0
1
2
0
1
2
0
1
2
0
1
2
0
1
2
0
1
2
0
1
2
0
1
2

Input
State 1

Input
State 2

Input
State 3
St

0
0
0
15
16
17
18
19
20
21
22
23
0
0
0
27
28
29
30
31
32
33
34
35
0
0
0
0
0
0
0
0
0
0
0
0

3
4
5
6
7
8
9
10
11
9
10
11
15
16
17
18
19
20
21
22
23
21
22
23
27
28
29
30
31
32
33
34
35
36
36
36

0
0
0
4
5
0
7
8
0
10
11
0
0
0
0
16
17
0
19
20
0
22
23
0
0
0
0
28
29
0
31
32
0
34
35
0

Results

For our analysis of the data we used the same six input states given in the example above. These used only the
slope and standard deviation to determine the input state.
The transition table was significantly bigger, having 36 entries. This required 4 IPSDs in the correct range, but allowed 3 IPSDs to be too great and 3 IPSDs to be too small
to terminate a seizure search sequence. The algorithm was
successfully tested and a seizure was identified in spite of
the fact that we were dealing with a very noisy record. Figure 9 gives the EEG recording on which the seizure was
detected.

Figure 8. Sample Transition Table: where the
number of possible states is 31, the number of states with slope too high required for
rejection is 2, number of states required for
slopes in the range for acceptance is 4, and
the number of states with slope too low requiring rejection is 2.
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This includes the process of integrating KDD with the DFA
methods and also considering the use of time domain analysis of EEG signal by statistical analysis and characteristics
computation [10] with different frequencies [15], non-linear
dynamics and chaos theory [8], and intelligent systems such
as artificial neural network and other artificial-intelligence
structures [6], [13].
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Abstract—Bipolar disorders have been responsible for temporary
removal, and even permanent to millions of professionals from
diverse fields of activities around the world, generating social and
financial damage to productive systems and social security, and
especially damage to the individual image and his family
considering that these disorders in individuals make them
stigmatized and discriminated in their society, making difficult
the return to the production system. The lack of early diagnosis
has provided reactive and late measures, only when the
professional suffering bipolar disorder is already showing signs
of incapacity for working and social relationships. This article
aims to assist in the decision making to establish early diagnosis
of this type of psychological disorder. It presents a proposal for a
hybrid model composed of expert system structured
methodologies for decision support (Multi-Criteria Decision
Analysis - MCDA) and representations of knowledge structured
in logical rules of production and probabilities (Artificial
Intelligence - AI).
Keywords-Early diagnosis, Expert SINTA, expert systems,
bipolar disorder, multicriteria.

I.

INTRODUCTION

Although bipolar disorder has specific symptoms and
causes, the establishment of diagnosis is not so easy to be
determined by clinical and laboratory tests as done with
infectious diseases, but by analyzing the behavioral responses
of a human facing the day-to-day events. This kind of mood
disorders manifestation varies from person to person and also
the degree of severity. Major difficulties are encountered when
attempting to diagnose whether a person is actually suffering
from a bipolar disorder, since the symptoms manifest
gradually as small signs imperceptible to both the person
suffering from the disorder and for those who lives with. Some
factors hinder a proper diagnosis, examples:
 The resistance offered by the individual who suffers
from bipolar disorders to understand and accept that
is really suffering this type of disorder.
 Some symptoms may manifest as physiological, but
with psychic origin.
 Symptoms can also be simulated by a healthy person
in an attempt to circumvent a situation to get
advantage. [1]
Bipolar disorders, however, have been suggested as causes
for removal from the workplace, considering the influence on
the people immune system, providing them with common

diseases, such as sleep and behavior disorders, and infections
and inflammation in the respiratory, digestive and locomotor
system.
Aiming to facilitate the understanding of the study
contained in this article, you'll see a hybrid model combining
the methodology of multicriteria decision support and a tool
built using expert system techniques. The hybrid model will
examine the main causes and symptoms of bipolar disorders
and bipolar, which have affected the economically active
population in the world, especially in those industry sectors
undergoing his team to a higher burden of stress considering
the pressures for better quality results, accuracy and a shorter
time, as highlighted the financial sector-banking, especially in
times of crises such as those that occurred in the end of the
decade 2010.
After analysis, will set the balance of power between the
events of symptoms and causes of bipolar disorder, the
purpose of constructing a hierarchy of influence between them
and consecutive formatting of logical rules that will be used in
the knowledge base of the tool that will provide the expert
system, which helps to diagnose bipolar disorders based on the
values assigned to variables representing the symptoms and
causes.
Important to note that hybrid models have been used to aid
decision-making and the search for diagnostic in medicine and
psychology, as is evident from the following references: [2],
[3], [4], [5], [ 6], [7], [16], [17], [18], [19], [20] and [21].
II.

HISTORICAL ASPECTS ON HUMAN HEALTH.

For many years mankind has thought 'health' as the
absence of injury because were considered healthy those who
participated in medieval battles without injury. Currently, the
perception of 'health' is associated with absence of disease.
The World Health Organization (WHO) defines 'health' as a
state of complete physical, mental and social well being,
involving three areas that are interlinked: physical health,
psychological health and social health. Of these three areas,
we highlight the psychological health, the subject of extensive
studies by the American Psychological Association (APA),
when tried to define the actual role of the psychology in
behavioral medicine, creating the Health Psychology, which
interacts with the Psychiatry seeking to solve one of the
greatest challenges today: helping individuals to adopt
lifestyles that will enable them to normal behavior among the
others and continued vitality.
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The term “abnormal behavior” consists of models of
emotion, thought and action unhealthy or disordered,
identified by: exceptionalities in a normal statistical
distribution, dysfunction or disability, personal distress, and
violation of cultural norms and rules. [8]
Introduced into the context of abnormality, the bipolar
disorder is explained by biological theories that have shown
imbalances in the rates of the neurotransmitters serotonin and
dopamine as possible cause events, and taken into account
genetic aspects. Psychosocial theories have the following
characteristics for these disorders: social pressure for results of
focus, interpersonal problems, disorganized thinking, negative
self-image and low curve of assimilation of knowledge.
It was decided to be used in this study the Mental
Disorders Diagnostic and Statistical Manual, fourth edition
(DSM-IV), published in 1994 by the American Psychological
Association (APA), considering that it proportionate a better
presentation structure and the best synthesis capacity without
losing the quality and the details of the studied object. The
map, described in Figure 1, generated using the software
HIVIEW, version 3.2.0.4, presents the most well known
psychological disorders. Into the Figure 1, in a small
rectangle, it is possible to see Bipolar Disorder such as a kind
of Mood Disorders.

depressive state. It was observed that some individuals
suffering from depressive events, when finishing the state of
depression, returned to normal individuals. Others, however,
did not act in the normal and assumed the opposite effect of
depression, it means manic. Importantly, the transition time
from one state to another varies depending on various factors
not standardized yet. Figure 2 illustrates these transitions: each
antipode of three-dimensional ellipse represents a mood of the
individual. The horizontal axis of the ellipse shows the longest
transition that in fact last for months or even years. Since the
vertical axis represents the shortest transition or faster moments
of oscillation of humor, the depressive and manic and viceversa, which ranges from hours to several days. In both
transitions, the disorder ends abruptly, returning the individual
to normal.
The risk of an individual suffering incessantly from bipolar
disorder throughout his life is low, somewhere between 0.5%
and 1.6% of cases diagnosed. It is, however, one of the most
debilitating psychological disorders and lethal, followed by an
index of self-destruction ranging from 10% to 20%. [14], [15]
MANIC

MANIC

DEPRESSIVE
NORMAL

DEPRESSIVE

Figure 2. Short and long transitions from manic and depressive state.

Given that individuals were classified as psychotic manicdepressive, but without presenting the typical features of
psychosis: delusions, hallucinations, etc., the name was
changed from "psychotic manic-depression" to "manicdepressive illness”. In the early 1980s, the American
Psychiatric Association proposed the term "bipolar disorder" in
cases where individuals have behavior ranging from one pole
to another, ie, extreme excitement and impulsivity with
depression, not stopping in the normal state.
However, in 1994, the American Psychiatric Association,
through its Diagnostic and Statistical Manual of Mental
Disorders, Fourth Edition (DSM-IV), defined bipolar disorder
in four levels of severity, as Table 1.
TABLE 1 - Levels that characterize bipolar disorder according DSM-IV

LEVEL
1

Figure 1. Bipolar disorder in the context of the main categories of
psychological disorders

III.

BIPOLAR DISORDER.

Historically, this kind of psychological disorder was known
as "psychotic manic-depressive”. That name was a reference to
the fact that individuals with this type of disorder sometimes
experience moments of extreme irrational excitement, or manic
state, sometimes they experienced moments of depression or

2

3

4

DESCRIPTION
Presents the full range of variation of mood, that is,
comes to full mania, remaining in this state for long
periods, ranging from severe depression to the
opposite end. It manifests in the age of 15 years to 30
years.
Short periods remain in a manic phase. The intensity
of depression, however, is deep, long and can be seen
more commonly after 40 years.
Manic phase appears only when induced by
medication (antidepressants or stimulants). The
depressive phase appears without induction.
Individuals with intense humor are seen as normal.
The stage of depression, however, comes after 50
years, providing oscillation from maniac to
depression and vice versa.
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The Figure 3 shows the main control events related with
bipolar disorder, which, according to a steady scale in Chart 1,
are assigned numerical values that represent the percentage of
importance of each event in the occurrence of this disease, that
is, the higher the value, the greater the influence of the event
corresponding to this value in the diagnosis for this disorder.
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 Structure: the problem formulation and the goals
identification. Seeks to identify, characterize and
organize the relevant factors considered in the
decision support process.
 Assessment: this stage can be divided into a phase
of actions (alternatives) partial evaluation under
each point of view (criteria) and an evaluation
phase, considering the overall number of partial
evaluations.
 Recommendation: sensitivity and robustness
analysis are made to check whether changes in the
model parameters affect the final assessment
outcome. It is a crucial step that helps to generate
knowledge about the problem and thereby increase
confidence in the decision outcome.

Figure 3. Control events related to Bipolar Disorder

CHART 1 - Scale influence events in psychological disorders
0
INDIFFERENT

IV.

25
LITTLE
INFLUENCE

50
MODERATE
INFLUENCE

75
MUCH
INFLUENCE

100
DECISIVE
INFLUENCE

PROPOSAL FOR A DECISION SUPPORT
MODEL IN THE DIAGNOSIS OF MOOD DISORDERS.

To establish a diagnosis in Psychology and Psychiatry,
studies are needed, experiments and careful observations of the
symptoms that lead to the cause of the disorder in question. A
major difficulty for reaching a correct diagnosis is the
complexity of factors highlighted, because besides the huge
amount of information, the expert needs to take into account
cultural issues, biological, psychosocial, quality of information,
signs and symptoms common to many diseases. This makes the
decision process, turning it into something difficult modeling.
The methodology to support decision making with multiple
criteria has much to add to the processes of diagnosis of health
psychology and psychiatry.

A. Description of methodology to support the decision
making in multi-criteria.
There are three main stages in the decision support [9]:

The MACBETH method (Measuring Attractiveness by a
Categorical Based Evaluation Technique) is an approach for
multi-criteria decision support. The research that initiated the
method was performed by CA Bana e Costa and J.C. Vansnick
in the beginning of the 90s [9], [10]. This methodology was in
response to the question: How to build a wide range of
preferences from a range of options without forcing policy
makers to produce their direct numerically preferences? This
approach allows assigning notes to each alternative through a
paired comparison. Given two alternatives, the decision which
must be the most attractive in the case has greater degree of
confidence, and in which degree of attractiveness on a scale
that has semantic correlation with ordinal scale. The program
itself is the analysis of cardinal consistency (transitivity) and
semantics (relations between the differences), suggesting, in
case of inconsistency how to resolve it. Linear programming is
suggested a range of notes and intervals as they may change
without making the problem inconsistent (PPL unfeasible). It
also possible adjusts the decision graphically the value of the
awarded marks, within the ranges allowed. According to the
pioneers of this method, only after this adjustment, with the
expert knowledge introduction, it gets characterized as the
construction of a cardinal scale of values. The difference in
attractiveness is very important in this methodology.
In the MACBETH method, when the decision maker needs
to do value judgments about potential actions (alternatives) in a
given situation, he will do that in terms of the attraction, feels
for this alternative. This task is defined as the construction of a
function-criterion vj such that:
In the MACBETH method, when the decision maker needs
to do value judgments about potential actions (alternatives) in a
given situation, he will do that in terms of perceived
attractiveness in that alternative. This task is defined as the
construction of a function-criterion vj such that:
For a, b ε A, v(a) > v(b), if and only if, for the evaluator, a
is more attractive (locally) than b (aPb);
Any positive difference, v (a) > v (b) represents the
numerical difference in value between a and b, with aPb
always in terms of a fundamental point of view j (FPVj), or
criterion j.
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Then, for each a, b, c, d ε A, being judged a more attractive
than b, and c more attractive than d, it is clear that v(a) - v(b) >
v(c) - v(d), if and only if, the difference of attractiveness
between a and b is greater than the difference in attractiveness
between c e d.
For the MACBETH method is important the following
reasoning: Given the impacts ij (a) and ij (b) of two potential
actions a and b, according to a fundamental point of view
FPVj, being judged a more attractive than b, the difference in
attractiveness between a and b is judged as "null", "very weak",
"weak," "moderate," "strong", "very strong" or "extreme." It
introduced a scale formed by different semantic categories in
attractiveness; the size not necessarily equal, to facilitate the
interaction between the decision maker and analyst. The
semantic categories, Ck, k = 1 ... 6, are represented as follows
[11]:
C1 very weak difference of attractiveness (or between zero
and weak) → C1 = [s1, s2] and s1 = 0
C2 weak difference of attractiveness → C2 =] s2, s3]
C3 moderate difference of attractiveness (or between weak
and strong) → C3 =] s3, s4]
C4 strong difference of attractiveness → C4 =] s4, s5]
C5 strong difference of attractiveness (or between strong
and extreme) → C5 =] s5, s6]

Figure 4. Matrix of sense of values of control events bipolar disorder

C6 extreme difference of attractiveness → C6 =] s6, +[
To facilitate the expression of absolute judgments of
difference in attractiveness between the pairs of alternatives, it
is useful to the construction of arrays of value judgments [12].
Results after submitting the events of control to the support
decision making methodology
After submitting the events to the methodology to support
decision making, implemented through software HIVIEW,
which also runs MACBETH method, the control events cited
in Figure 3 retro, were adjusted to compose the matrices of
value judgments contained in Figure 4, which allow the
visualization of the degree of attractiveness between control
events, as well as each Scale of reliability factors, and indicate
that the results are consistent with the observation "Consistent
Judgments". As to confidence factors, the Figure 5 gives idea
how the decision maker can adjust the degree of attractiveness
between the control events, showing in a ruler the boundaries
between the various degrees of attractiveness of these events.
The model presented in this paper proposes that the control
events and their confidence factors listed in Figure 5, be
exported to the tool ExpertSINTA, to compose the knowledge
base of an expert system for the diagnosis of bipolar disorder
classified in DSM-IV and highlighted in Figure 1.

Figure 5. Intervals of values of control events of bipolar disorder.
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V.

EXPERT SYSTEMS

Expert systems are computer programs that offer solutions
to certain problems in the same way that human experts offer
solutions under the same conditions. Most common specialized
systems architecture involve simple and structured rules based
in a set of conditions “IF ... THEN ...” style with the possibility
of including connective logic relating the attributes in the
knowledge scope and the use of probabilities.
The software Expert SINTA was created by a group of
scholars at the Federal University of Ceará, (UFC) and the
State University of Ceará (UECE), called Group SINTA
(Sistemas INTeligentes Aplicados or Applied Intelligent
Systems) [13]. It was developed using Borland Delphi
technology. This is a computational tool that uses artificial
intelligence techniques for automatic generation of expert
systems. It uses a knowledge representation model based on
production rules and probabilities, with the main objective of
simplifying the construction work of expert systems through
the use of a shared machine inference, the automatic
construction of screens and menus, treatment of probabilistic
rules production and use of sensitive explanations to the
context of the knowledge base modeled. An expert system
based on this type of model is very useful in classification
problems. The user responds to a sequence of menus, and the
system provides answers that fit the framework identified by
the user. Some of the Expert SINTA main features are: use of
backward chaining; use of confidence factors; tools for
debugging; possibility to include online help for each
knowledge base. The expert systems are generated in Expert
SINTA using the architecture described in Figure 6.

ii. For each event in Figure 3 must be created a variable
in the expert system;
iii. Registration and definition of variables-objective,
aiming the diagnosis with each level of confidence;
iv. Issues aiming for obtaining values of variables
already registered;
v. Construction of logical rules;
vi. Creating the Definition to the best sequence of logical
rules;
vii. Testing and implementation of expert system;
viii. Analysis of the result, with use trail and execution log
provided by the expert system.

Figure 7. Configuration Editor Expert SINTA bases for new base.

Figure 8. Registration of the knowledge base and the variables.
Figure 6. Simplified Architecture of ExpertSINTA

As previously mentioned, the control events and confidence
factors in bipolar disorder are initially presented in Figure 3,
and subsequently analyzed and compared with each other, to
calculation the difference in the degree of attractiveness for the
construction and trial of the value matrices, generated by the
MACBETH method, as shown in Figure 4. After that, these
information are exported and used to feeding the Expert
SINTA to the construction of expert system. Thus, it is possible
to see in Figures from number 7 to 11, each step of the
construction of the Expert System which will assist in bipolar
disorder diagnosis.
The steps to the construction of expert system have the
following sequence:
i. Information and general objectives of the knowledge
base of experts must be registered;
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Figure 9. Definition of goal variables (diagnoses) and interfaces.
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Figure 10. Creating logical rules.

Figure 11. Data entry and analysis of results after diagnosis.

VI.

CONCLUSION AND FUTURE WORKS

Many intelligent techniques have been incorporated into
the decision-making process. These techniques are based in
technology of artificial intelligence (AI), such as expert
systems, neural networks, intelligent agents, case-based
reasoning, Fuzzy Logic and Genetic Algorithms. Despite these
technological advances much still needs to be done for the
automation of decision-making processes, especially when it
involves the multi-criteria analysis.
This article is part of a study intended to contribute to the
development of an algorithm designed to automate the proposal
for a connection between a methodology to support multicriteria decision-making and a program of construction of
expert systems. Also provides a knowledge base an expert
system to aid in early diagnosis of psychological disorders.
The information generated in the analysis of multi-criteria
methodology will be used in the algorithm in order to turn
them into variables with the respective degrees of confidence,
which will be processed by the inference engine of the expert
system that will use this information to diagnose and
incorporate them into its knowledge base or discard them.
The test realized in this article attempts to show a hybrid
model, using a connection manually. So it tries to present the
feasibility of integration between the technologies mentioned:
methodology to support multi-criteria decision-making and
expert system. With this proposal, we hope to help in the
quality of automated diagnostics.
VII.
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Alzheimer's Disease
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Abstract - A hybrid model, combining influence diagrams and
a multicriteria method, is presented in order to assist with the
decision making about which questions would be more
attractive to the definition of the diagnosis of Alzheimer’s
disease, considering the stages of CDR (Clinical Dementia
Rating). Due to the increase in life expectancy there is higher
incidence of dementias. Alzheimer’s disease is the most
common dementia, accounting for 50% of the cases. Because
of this and due to limitations in treatment at late stages of the
disease early diagnosis is fundamental because it improves
quality of life for patients and their families. The modeling
and evaluation processes were carried out through a battery
of standardized assessments for the evaluation of cases with
Alzheimer’s disease developed by Consortium to Establish a
Registry for Alzheimer’s disease (CERAD).

It is known that multicriteria methodologies help to generate
knowledge about the decision context, thus, increasing the
confidence of those who make decisions on the results. This
way, the judgment matrixes are constructed to obtain cardinal
value scales which are implemented through the MACBETH
Multicriteria Methodology. The influence diagram is
implemented using the GeNie tool.
It was never thought of applying multicriteria methods in the
health area, especially with the aim of assisting in the
diagnosis of the Alzheimer’s disease. The first model
developed [4] was validated using small study cases presented
on other papers [7]. Then, a model [6] [7] validated with a
Brazilian battery [8], which was based on study cases of
University of São Paulo, was presented.

Keywords: Alzheimer’s disease, Diagnosis, Multicriteria
Method, Bayesian Network, Influence Diagram

The model was extended later [10] and was validated by the
data provided on the battery of CERAD [2]. This last model
was based on three previous papers developed [10] [11].

1

Nowadays, there are also other works that apply multicriteria
in the health area [12] [13] [14] [15] [16].

Introduction

With the advance of sciences applied to the health area
in the last few years, there has been a considerable increase in
the life expectancy of the population. Such fact can be stated
based on demographic studies in developed and developing
countries, which have showed a progressive and significant
increase in the elderly population in the last years [1]. Along
with this fact, a major increase in the number of health
problems among the elderly can be noticed. These problems,
besides being long-duration problems, require skilled
personnel, a multidisciplinary team, equipment and additional
high-cost tests.
The Alzheimer’s disease is the most frequent cause of
dementia and is responsible (alone or in association with other
diseases) for 50% of the cases in western countries [1][2][3].
The main focus of this work is to develop a hybrid model,
combining influence diagrams and multicriteria methods, for
aiding on the establishment of which questions are the most
attractive, considering the stages of CDR (Clinical Dementia
Rating), in decision making of the diagnosis of Alzheimer’s
disease. The information needed to do this was based on the
data collected from a battery of tests.

The battery of tests used in this work is from the Consortium
to Establish a Registry for Alzheimer’s disease (CERAD). It
was necessary to construct value scales originating from
semantic judgments of value with the aim of defining a
ranking representing the classification of the questions impact
considering to the stages of the CDR.
Therefore, the paper is structured as follows: Section 2 gives a
brief view of how the diagnosis of the Alzheimer’s disease is
performed; Section 3 gives an overview of the CERAD (its
history, proposals, and structure), which provided the battery
of tests being used in this paper; Section 4 presents a step-bystep of the model structuring; and, finally, conclusions and
futures works are shown in Section 5.

2

Diagnosis of the Alzheimer’s Disease

The diagnosis of the Alzheimer’s disease can be
established based on several steps [3] [18]. This way, with the
decline of the normal functioning over the nervous and other
bodily systems, and with the natural behavioral and
personality changes, the identification of what constitutes
abnormal impairment becomes a hard task.
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This study aims to help deciding which the best manner to
reach a diagnosis is. To do this, we sought to choose the most
important questions to the diagnosis of the Alzheimer’s
disease, using a battery of tests from CERAD. This battery
was chosen because it encompasses all the steps of the
diagnosis and it has been used all over the world.
Therefore, the questions selected through this decision making
process will be applied preferentially, because, in accordance
to the decision maker, these questions play a main role in the
diagnosis.

3

CERAD - An Overview

The original mandate of the CERAD in 1986 was to
develop a battery of standardized assessments for the
evaluation of cases with Alzheimer’s disease who were
enrolled in NIA-sponsored Alzheimer’s Disease Centers
(ADCs) or in other dementia research programs. Despite the
growing interest in clinical investigations of this illness at that
time, uniform guidelines were lacking as to diagnostic criteria,
testing procedures, and staging of severity.

Furthermore, the CDR identifies the questionable cases, or
those that are not classified as normal subjects. These cases
may correspond to the so-called cognitive decline associated
with aging, to the mild cognitive impairment, or to other
epidemiological studies that are part of the group that has a
higher rate of conversion to dementia.
Despite being represented only five stages of dementia on the
CDR: none, questionable, mild, moderate and severe; the
CERAD implemented a change in the scale including two
stages: profound and terminal. For the application of the
model, it will be taken into account the scale of the CDR
modified by CERAD [17].
Next, the application of the decision model will be presented
to solve the problem of choosing the questions that are
considered to be the most attractive in the definition of the
neuropsychological diagnosis of the Alzheimer’s disease.

4.2

Phase 1: Structuring – Identification and
Organization of the Evaluation Elements

4.2.1
CERAD developed the following standardized instruments to
assess the various manifestations of Alzheimer’s disease [2]:
Clinical Neuropsychology[20], Neuropathology, Behavior
Rating Scale for Dementia, Family History Interviews and
Assessment of Service Needs.

4
4.1

Construction of the Model
Definition of Problem

In the present study, we sought to validate the model
considering the identification of issues that have greater
impact on each stage of the Clinical Dementia Rating (CDR).
The diagnosis of the Alzheimer’s disease will be held by the
combination of the neuropsychological tests battery of
CERAD based on the functional scale CDR [5].
We selected six of the eight tests of the neuropsychological
battery of CERAD for the application of the decision support
model that will assess which issues (among all the issues that
are implemented in selected tests) have the greatest
attractiveness on each stage of CDR, for the definition of the
diagnosis of the Alzheimer's disease. The tests selected are:
Verbal Fluency (J1), Boston Naming Test (J2), Word List
Memory (J4), Constructional Praxis (J5), Word List Recall
(J6) and Word List Recognition (J7) [20].
The CDR was chosen to be a tool that allows the classification
of the prevalence of the various degrees of dementia based on
six cognitive-behavioral categories: memory, orientation,
judgment and problem solving, community affairs, home and
hobbies, and personal care [5].

Step 1: Identify the decision makers
The individuals classified as cases in the database of
CERAD were defined as the decision makers (actors)
involved in the process of building the model to the definition
of the issues of greatest impact in the neuropsychological
diagnosis of AD. This decision was taken considering that the
degree of dementia was defined based on the values
(responses) obtained on the patients tests.
Analyzing the data pertaining to the cases through the
database of CERAD was found a negligible quantity of actors
to evaluate the attractiveness of the model in multicriteria.
The degrees of dementia: none, profound and terminal, are the
answers 0, 1 and 2 respectively, i.e. between the cases that
have been assessed with dementia-type: none, profound and
terminal, only 0, 1 and 2 people respectively, answered each
of the issues of the CERAD battery. Therefore, these degrees
of dementia have not been evaluated on the model.
4.2.2

Step 2: Identify the alternatives and the criteria
relevant to the decision issue: Definition of the
hierarchical structure of the problem
This step involves the identification of the variables of
interest and the determination of the interrelationship between
them. The variables can be classified as: objectives, decision
problem, actions, criteria, restrictions and factors, as shown in
Table 1.
The end result of this step is the definition of the problem’s
hierarchical structure by creating a graphic model represented
by a Directed Acyclic Graph (DAG), as shown in Fig. 1.
It was identified 23 nodes of probability, including one
decision node and seven utility nodes [28].
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Once the network structure is defined, it is necessary to
calculate the probabilities in the form of Conditional
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Probability Table (CTP) for each chance node of the network,
based on the data obtained from the database of the CERAD.

Table 1. Classification of the variables of the decision problem
Problem: Definition of the issues of greatest impact on each stage of the CDR in the neuropsychological diagnosis of the
Alzheimer's disease
Objectives

To establish, among the various levels of dementia classified by CDR (questionable, mild,
moderate, severe), which are the items that have the greatest impact on the decision of a test or set
of tests for the diagnosis of the AD

The set of the possible
actions

The set of actions (alternatives) is defined as (A), where the issues are part of the
neuropsychological battery of tests of the CERAD. The set selected for the implementation of the
decision model is: Verbal Fluency, Boston Naming Test, Word List Memory, Constructional Praxis,
Word List Recall and Word List Recognition.

Criteria

Correspond to the CDR stages of dementia that had a significant amount of actors (questionable,
mild, moderate, and severe).

Restrictions (properties
of criteria that are
specified as desirable)

CDR stages
- CDR_QUESTIONABLE > 0 and CDR_QUESTIONABLE ≤ 0.5;
- CDR_MILD > 0.5 and CDR_MILD ≤ 1;
- CDR_MODERATE > 1 and CDR_MODERATE ≤ 2;
- CDR_SEVERE > 2 and CDR_SEVERE ≤ 3

Fig. 1. Hierarchical structure of the decision problem to stage the CDR questionable
For the definition of the most attractive issues, it is necessary
to examine the level of impact (or attraction) of the actors’
responses in each of the stages of the CDR. This initial
assessment is important because one can discover, based on
the responses of a particular actor on the database of the
CERAD, which is his/her stage of CDR.
The attractiveness of the responses is measured by means of
judgments matrixes of value and the scales of global value for

each question can be obtained. Table 2 shows the values of
each level of impact for all Fundamental Point of Views
(FPV) in relation to FV15.
With this result, it is possible to apply the model in order to
define the attractiveness of the issues involved in the
neuropsychological battery of CERAD for each stage of the
CDR.
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Table 2. Values of each level of impact for each FPV in relation to FV15
Alternatives

FPV1
–
Questionable

CDR:

FPV2 – CDR:
Mild

FPV3 –
Moderate

CDR:

FPV4 – CDR:
Severe

FV15_99

0.50

1.00

2.00

3.00

FV15_0

0.46

0.96

1.92

2.92

FV15_1

0.42

0.92

1.84

FV15_2

0.38

0.88

1.75

…

…

…

FV15_9

0.08

0.59

1.18

FV15_10

0.04

0.55

1.09

FV15_11

0.00

0.51

1.01

...

4.2.3

Step 3: Definition of descriptors
The construction of descriptors should be made for each
fundamental point of view of the problem. Thus, for this
problem, two sets of descriptors have been identified
considering the three phases: (i) description of each descriptor
for each of the fundamental points of view (FPVs), (ii)
obtainment of the impacts levels according to each key point
of view, and (iii) analysis of the impacts according to each
fundamental point of view.
The number of states of each FPV will always be equivalent.
It was defined 16 descriptors for each FPV.
The states of FPVs are not equivalent; therefore, they cannot
be the representation of more than one state at a single level
of impact. Table 3 shows the descriptors for the FPV1. The
levels of impact of each descriptor were ordered based on
each issue that was relevant for the definition of each stage of

2.84
2.75
…
2.17
2.09
2.01

the CDR, as regards the issue that has the greatest influence in
defining the diagnosis of AD. This relevance was defined
based on the sum of the results obtained in the judgment
matrixes of decision in the application of the model on the
answers of the questions.
4.2.4

Step 4: Perform the analysis of impacts
This step is related to the definition of the impact
assessment according to each FPV. We defined the upper and
lower values of each impact and the relevant aspects of the
distribution of impacts in each of them. For all FPVs of this
model, the scoring was attributed to the degree of dementia in
accordance with each stage of the CDR which is being
evaluated.
Table 4 presents the descriptors and their lower and higher
values to be considered for obtaining the basis of value for
each FPV.

Table 3. Classification of variables in the decision problem
NI

Description

Order

N16

FV15: I want you to tell me all the animals you can think (from 0-15 seconds)

1°

N15

MP2: Repeat a list of ten words - attempt 2

2°

…

…

…

N02

EP: Recall a list of ten words

15º

N01

PC1: Draw circle

16°
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Table 4. Summary table of descriptors and impacts according to each FPV
FPV

Descriptor

FPV1 – CDR: Questionable
FPV2 – CDR: Mild
FPV3 – CDR: Moderate

Answers a question from the battery of
neuropsychological of CERAD

FPV4 – CDR: Severe

4.3

Phase

2:

Evaluation

–

Construction

of

a

4.4

Upper Level

Lower Level

0

0.50

0.51

1

1.01

2

2.01

3

Phase 4: Evaluation – Evaluation of the alternatives

Quantitative Model of Values
4.4.1
4.3.1

Step 5: Definition of a function of value for each
alternative
This function was obtained by the division of the sum of
the results obtained through the judgment matrixes in relation
to the responses to a question, by the sum of the results
obtained through the judgment matrixes in relation to the
issue or set of issues that are part of a subtest of the
neuropsychological battery of CERAD, considering a
determined stage of the CDR.
(1)

where: a ∊ A (represents all the alternatives - issues), i.e.

Step 6: Construction of the judgment matrixes
In this step, the following steps were performed: (i) the
construction of the judgments matrixes based on the
differences of attractiveness for each pair of alternatives; and
(ii) the obtainment of the cardinal value scales for each
fundamental point of view defined.
For the issues evaluation, all the FPVs were worked through a
descriptor with 16 reference levels, and a lower limit (which
was generated from the lower value, the sum obtained
regarding the outcome of the evaluation of the issues), an
upper limit (which was generated from the higher value, the
sum obtained regarding the outcome of the evaluation of the
issues) and 14 intermediate levels of reference. Fig. 2 shows a
matrix of assessment of value and scale of cardinal value
obtained with the methodology for the FPV1 MACBETH CDR: Questionable [22].

A={a i , a i-1 ,…,a 1 }; b ∊ B (represents the subtest), i.e. B =
{b j , b j-1 ,…,b n }

Fig. 2. Matrix of judgment of value and scale for the FPV1 - CDR: Questionable
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Following the procedure for construction of judgments
matrixes of value and obtain the scales of global value for
each of the FPV.
The result of the judgment matrixes shows that the stage of
the CDR was questionable that most benefited from the
implementation of the model. CDR: questionable obtained the
highest value in relation to other criteria, and through the
accumulated weights for each option, with the CDR:
questionable accumulating 50% of the total weight of the
criteria.
This result is very positive, because one of the major goals of
medicine in the search for a diagnosis, especially that of
Alzheimer's disease, is get it in earlier stages of the disease.

5

Conclusion

There is a major importance nowadays on identifying the
cases in which the risks of developing the Alzheimer’s disease
are higher. As factors that contribute to this fact, we can say
that currently there are few alternative therapies to the
pathology treatment, and that the effectiveness of treatments is
greater when the early diagnosis is possible [17].
Besides, according to studies conducted by the Alzheimer’s
Association [23], the Alzheimer’s disease treatments have
significant resulting costs, and it is known that it is one of the
costliest diseases, second only to cancer and cardiovascular
diseases.
The diagnosis of Alzheimer’s disease can be established
based on several steps. The first step is to verify if the patient
has any kind of dementia, and then the patient is assessed in
order to discover if s/he has the Alzheimer’s disease.
The results of this study were obtained by the model
developed through the application of methodologies such as
Influence Diagrams and Multiple Criteria Decision Aid.
These results reaffirm the importance of the tool to support
the physicians’ decision on giving the diagnosis of the
Alzheimer's disease and the like, considering that it enables
the accurate and the differential diagnosis.
This way, a cost optimization and a reduction of the time a
patient would spent without treatment (which could happen
because s/he was not early diagnosed) can be provided,
delaying the loss of cognitive and psychomotor abilities
caused either by the disease, or other dementias.
The methodologies applied have been crucial to the analysis
of the most attractive questions to the definition of the
diagnosis of the Alzheimer's disease. The methodological
design of the model mapped the possibilities regarding the
performance results for the decision.
The model presented, which applies structured
assumptions in decision-making problems, provided
important impacts for the research and it was supported
by the chain of neuropsychological responses to identify
the diagnostic criteria.

The structure of the model applies the influence diagram,
which enabled the triangulation of data for areas of cognition
and functionality or praxis, based on the CERAD
neuropsychological battery.
This data interface makes room for perspectives for modeling
on many different areas of knowledge, whether in health,
computer science, education, or others.
Therefore, the application of the influence diagrams in
academic models through scientific research, aiming the costs
optimization, is extremely appropriate, opening up
possibilities for future studies.

6

Future Works

As a proposal for improvement and extension of the
work, we intend to extend the model, considering the process
of recommendation, so that a further analysis of the results of
the model is included, such as the analysis of sensitivity and
robustness.
We also intend to implement a new analysis of the model
through the inclusion of values in the utility node of the
influence diagram. This way, it will be possible to make
inferences on the network aiming the definition of the
diagnosis by the application of only the most attractive
questions.
Then, an application of the model on the complete
neuropsychological battery of tests of CERAD is aimed. Or
even the inclusion of the forms: Mini-Mental State
Examination (Mini-Mental State Examination) and Recall of
Praxis (Praxis Evocation); on the set of evaluated forms.
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Abstract - Pressure controlled intermittent coronary sinus
occlusion (PICSO) has been found to substantially salvage
ischemic myocardium. By elevating venous pressure two
mechanisms are involved namely the distention of venous
vessels inducing mechanotransduction as well as a
redistribution of venous flow towards ischemic areas.
Mechanotransduction in endothelial cells inducing changes in
the ischemic heart inducing myocardial salvage as well as
myocardial recovery is blunted by possible consequences of
myocardial perfusion deficits by limiting coronary inflow.
To limit these severe side effects we have evaluated a new
mathematical model to describe the Increase (Inflation) and
decrease (deflation) in coronary Sinus pressure (CSP)
following pressure controlled intermittent coronary sinus
occlusion (PICSO) and release. The model is evaluated and
compared on the basis of dogs, pigs and sheep. The model
consists of two parts with three parameter double exponential
function for each, and it was fitted by using the non-linear
least squares algorithms. The new model was used in
implementation of automatic computing module which is
responsible to compute the following quantities for Inflation
and Deflation:
1. Systolic and diastolic plateau.
2. Rise-Time of systolic and diastolic plateau.
3. The mean integral of the CSP (Area under the curve).
4. Number of heart beats impact in inflation and deflation
periods.
5. Driving the slope of CSP
Corresponding quantities for various coronary sinus balloon
inflation and deflation cycles were computed with ranging
from cycles being as short as 5sec/3sec (inflation/deflation
ratio)
to
cycles
as
long
as
12sec/8sec.
Keywords: coronary sinus pressure (CSP), pressure controlled
intermittent coronary sinus occlusion (PICSO) and Left
Anterior Descending Artery (LAD).

1. Introduction
Pressure controlled intermittent coronary Sinus occlusion
PICSO has been proposed and investigated as a new technique
in interventional cardiology and cardiac surgery to salvage
ischemic areas of the myocardium.
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in fla tio n

60
50
CSP in mmHg

1

40
30
20
10
0
4 34

43 6

4 38

44 0
44 2
t im e in s e c

4 44

44 6

44 8

4 50

Figure 1 One PICSO with Inflation and deflation
time 10/6 sec
Because the beneficial effect of this intervention appears to be
closely linked to an optimal timing of coronary venous
pressure elevation (i.e. to define the therapeutic range of
salvage and severe side effects induced by prolonged increase
in coronary resistance), a new mathematical model has been
developed in order to put the estimation of occlusion and
release times on a quantitative basis. The model consists of
two parts with three parameter double exponential function for
each.
 A * exp{B * [1 − exp(−C * t )] − 1}

F
Pcsp(t ) = 
D * exp{E * [1 − exp(− t )] − 1}

when
when

0 < t < T1
T1 ≤ t < T 2

Where
Pcsp (t) = Coronary sinus pressure (mmHg)
t = Time (s), measured from the start of occlusion
A, D =fitting parameter in (mmHg)
B, E = fitting parameter (dimensionless)
C, F= Fitting parameter (1/s)

....(1)
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T1 = Time that mark the end of the CSP occlusion phase (s)
Systolic Plateau

T2 = Time that mark the end of the CSP release phase (s)

Pcsp (t) = A * exp{ B * [1 − exp( −C * t )] − 1}......... (1a )

As shown in the Figure (1), systolic peaks incremented
coincided with the time during the inflation period.
The second part (equation 1b) describes the release of the CSP
during the deflation (release) time.
Pcsp (t) = D * exp{ E * [1 − exp( −

F
)] − 1}......... .....( 1b )
t

As shown in the Figure (1), the systolic peaks decremented
coincided with the time during the deflation period.
The systolic and diastolic peaks were fitted with the nonlinear
least least-square algorithms. Additionally a new module was
implemented using Oracle DB and Matlab, which is
responsible to compute automatically the quantities of the
CSP.

50
CSPinmmHg

The first part (equation 1a) describes the rise of the CSP
during the Inflation (occlusion) time.
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Figure 2 Systolic Plateau of CSP during the inflation, the
solid curve represents the Fitted three parameter model
functions, and the circle represents the systolic plateau
2.1.2
Driving the slope of the CSP
The first derivative gives an estimate for the maximal slope
in terms of the fitted parameters
dp/dt = A * B * C * exp(B * (1 - exp(-C * t)) - C * t)...............(4)

2.2 Deflation
The deflation was calculated by using equation (1b)

2. Method
Since the mathematical model (equation 1a and 1b) together
with both sets of three fitted parameters (A,B,C and D,E,F)
represent the envelope curve (systolic and diastolic,
respectively), it is now possible to express the height of the
CSP plateau as well as the time taken to reach the plateau in
terms of fitted parameters.

2.1 Inflation
The inflation haemodynamic quantities were calculated by
using the equation developed by Schreiner (1a) [W. Schreiner]
2.1.1
CSP plateau and rise time
The highest value of Pcsp (t ) in equation (1a) is reached
for t  ∞
Pcsp(t = ∞) = A * exp (B - 1)

Since a plateau is never actually reached (in mathematical
terms) it is meaningful to consider the time it takes to reach,
say, 90% of the predicted height of the plateau.

2.2.1
CSP plateau and rise time
The lowest value of Pcsp (t ) in equation 1b is reached for
t ∞

Pcsp (t = ∞) = D * exp(-1)
Since a plateau is never actually reached (in mathematical
terms) it is meaningful to consider the systolic Plateau is
110% of the predicted lowest of the plateau.
The systolic plateau is 110% from the Pcsp (t = ∞ )

Systolic Plateau = 1.1 * D * exp(-1)...............(5)
The rise time will be
Rise Time = - F / ln (1 - ln (1.1) / E)........ .......(6)

The diastolic plateau and rise time was calculated exactly as
the systolic plateau.
90
Fitting Curve

80

The systolic Plateau is 90% from the Pcsp (t = ∞ )

The Diastolic Plateau was calculated exactly as the Systolic.

CSP in mmHg

Systolic Plateau = 0.9 * A * exp (B - 1)...............(2) )

70
60
50
40
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20

The rise time will be

10
Systolic Plateau

Rise Time = (1/C) * ln(-B/ln(0.9)).......................(3)

The diastolic plateau and rise time was calculated exactly as
the systolic plateau.
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Figure 3 Systolic Plateau of CSP during the deflation,
the solid curve represents the Fitted three parameter
model functions, and the circle represents the systolic
plateau.
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2.2.2
Driving the slope of the CSP
The first derivative gives an estimate for the maximal slope
in terms of the fitted parameters

Systolic plateau of csp during the inflation period
95
90
85

dp/dt = (1/t ² ) D * E * F * exp(1 - exp(-F/t)) * E - F/t - 1...........(7)
CSP in mmHg

80

3. Results

75
70
65
60
55

The module computes automatically the haemodynamic
quantities of the CSP in Multi-cycle, first finding the systolic
and peaks for deflation and inflation then making the fitting
curve and finding the plateau, rise-time, slope of CSP, mean
integral, and the number of heart beats.
The model parameters and the derived quantities will change
with time. For any diagnostic value it is essential to establish
ranges which can be used as reference intervals for the normal
state. The following results comprise a preliminary
investigation of the spread of the derived quantities observed
during PICSO.

3.1 Systolic and diastolic plateau
The Automatic computation module computes the systolic
and diastolic plateau of the CSP for inflation and deflation
periods. The plateau of coronary sinus pressure during LAD
occlusion and after LAD reopening for thirteen animals
(sheep, dogs and pigs) was computed with this module.
Figure 4 shows the change of the systolic and diastolic plateau
of the CSP during the inflation period.
systolic and diastolic plateau for inflation
80

50
45
reperfusion early

reperfusion later

occluded early

occluded later

Figure 5 Systolic pressure changes in dependence of LAD
during the inflation period
The systolic plateau of the CSP will reached 79.0445 ± 5.00
mmHg by reperfusion early (LAD opened), and 67.7547 ±
3.00 mmHg by reperfusion late (LAD opened) and 49.22+ 2.2
by occluded early (LAD occluded) and 57.3559± 2.50 mmHg
by occluded late (LAD occluded).

3.2 Automatic computation of rise and release
time
According to the definition, the rise/release time is the time
it takes for the CSP to reach its plateau (systolic or diastolic),
which can be reached after a prolonged occlusion or release.
Figure 6 demonstrates the different rise times needed to reach
the systolic and diastolic plateau in accordance with the LAD
occlusion status. During the inflation period the systolic
plateau can be achieved very fast when LAD is respond.
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Figure 4 Systolic and diastolic plateau during the inflation
period
Statistical result of changing the systolic plateau during the
inflation period depending on the occluded or opened LAD is
illustrated in figure 5.
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Figure 6 Rise time for systolic and diastolic plateau of the
CSP during the inflation period.
Different rise times during the inflation period depending on
the occluded or opened LAD for systolic plateau is illustrated
in figure 7. The systolic plateau will reach in 5.13 ± 1.00 sec
by reperfusion early and in 5.31 ± 1.00 sec by reperfusion late
and in 5.89 ± 1.20 sec by occluded early and in 5.80 ± 1.10
sec by occluded late. One/two-way ANOVA was to prove the
significance of the obvious difference between the LAD status
concerning rise times confirmed that the significance is
evident (p<0.0083).
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4. Conclusion
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Figure 7 Rise time of systolic plateau changes in
dependence of LAD during the inflation period

3.3 Relations between derived quantities
Predicted plateau, rise times, mean Integral of CSP, number
of heart beat per PICSO cycle and CSP slope (dp/dt) are
calculated from the fitting parameters and may be called the
‘derived quantities‘. Whereas the parameters themselves are
not directly accessible to physiological interpretation, the
derived quantities are deliberately constructed to resemble
intuitive criteria. Table 1 shows example of the hemodynamic
quantities results from the automatic computation module
during 3 minutes.
Time in sec

Systolic
plateau in
mmHg

Rise time in
sec

Mean integra Heart rate beat
in mmHg*sec / PICSO

0
10.7925
20.4862
30.1731
40.4861
50.8025
60.5261
70.7459
78.275
87.4225
95.9406
105.6809
114.199
123.3299
131.9346
141.0488

55.4058
55.3366
54.3164
57.8244
54.3931
55.9441
54.404
58.0824
56.7913
57.6111
55.3845
51.6218
54.5463
51.9723
53.565
53.9653

5.3956
2.7313
3.5208
4.8766
3.6464
5.0325
4.2341
3.8995
4.1195
3.9438
4.5537
2.8945
4.1925
3.8938
4.5921
5.4086

228.0981
116.5783
142.2453
204.5571
147.5295
205.9031
168.1017
171.2134
174.6481
164.7809
178.9085
111.9028
162.3834
150.6698
181.1066
215.2864

11
11
11
11
11
8
11
6
9
8
11
9
11
11
9
9

150.8257
159.3938
168.5546
177.7121
186.197

52.0763
52.8
51.454
50.2843
51.9618

3.0519
3.4808
3.4619
3.0083
4.4532

119.6574
134.7787
133.1845
113.2353
168.9303

10
12
12
10
10

The principal goal of this work was to build a robust
mathematical model that could accurately and reliably
calculate the rise and release of coronary sinus pressure (CSP)
during inflation (rise) and deflation (release) periods. Such a
model should be a useful tool that could substitute for timeconsuming visual inspection of CSP data during heart
operations or other surgeries, when time constraints can affect
patient outcomes. Currently, during heart surgeries, clinicians
must constantly recalibrate CSP data using this visual
inspection, making calculations cumbersome and often
inaccurate. Further-more, physiological reactions in heart
patients change among individuals, and even within the same
individual under different conditions. Thus, any reliable
model must be able to accommodate such changes and to
operate PICSO under optimal conditions.
To date, no mathematical model has been developed to predict
or describe the relationship of inflation and deflation of the
CSP. Schreiner (86) developed a model, which describes the
rise of CSP, but without a model that also accounts for the
release of the CSP. Without the other half of the model,
calculating the CSP has been a matter of guesswork. To solve
this problem, we developed a new mathematical model that
efficiently describes the rise and the release of the CSP. Under
normal experimental conditions, one will always find common
features that can be exploited. The CSP plateau is such a
feature: while the height, the time to reach the plateau, and the
maximum slope may vary, nevertheless a plateau is always
reached, and this allowed us to identify features that could be
incorporated into the model to make it both feasible for
necessary physiologic adaptations and stable and robust for
calculations.
Our model had to meet the following requirements:
i.
It had to be derived from the minimum number of
fitting parameters.
ii.
It had to estimate the occlusion and release times on a
quantitative basis.
The model consists of two equations, each having three
parameters of double exponential functions. The CSP was
expressed in terms of these fitted parameters, three for
inflation and three for deflation. The systolic rise time can be
used as a calculated parameter for the closed loop regulation
of PICSO. The automatic computing module (computer
module) calculates and computes several hemodynamic
quantities, such as systolic and diastolic plateau, rise time,
heart rate per cycle and the mean integral of CSP. This work
has a number of implications for bioinformatics. It provides a
new mathematical model that describes the increment and
decrement of the CSP during individual PISCO cycles.

Table 1 Hemodynamic quantities result of the automatic
computation module.
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Computer-assisted analysis of Fetal Hydrocephalus
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Abstract- Hydrocephalus is one of the most widespread
diseases that may affect the fetus and causes damage to
its brain resulting in mental retardation or fetus death.
This paper present a complete system to enhance the
fetus ultrasound images to get red of the strong speckle
noise and attenuated artifact. Fetus head segmentation
takes place to detect the lateral ventricles which is the
region of interest in Hydrocephalus disease by using a
modified snake algorithm to extract the diameters and
determining the size of the fetus head.
Artificial neural network has been used to recognize the
affected subject. The system has been examined on 47
ultrasound images taken from Egyptian subjects, over
65% success rate is reported. This system has been used
also to determine the fetus age based on c-mean
clustering with 100% success rate. Fetal Hydrocephalus
computer assisted analysis system can present a great
help to physicians in diagnosis fetal hydrocephalus
disease during early stages of pregnancy.

embryonic life and the effect is permanent [1-2].
Congenital malformations can involve many different
organs including the brain, heart, lungs, liver, bones, and
intestinal tract. These defects can occur for many reasons
including inherited (genetic) conditions, toxic exposure of
the fetus (for example, to alcohol), birth injury and, in
many cases, for unknown reasons. All parents are at risk
of having a baby with a birth defect, regardless of age,
race, income or residence. Hydrocephalus is one of
Congenital malformations. It is a condition in which there
is excessive fluid accumulation in the lateral ventricles
inside the brain. This can cause increasing in lateral
ventricles size and pressure on brain tissues and results in
irreversible brain damage.

1.

The production of ultrasound is used in many
different fields, typically to penetrate a medium and
measure the reflection signature or supply focused
energy. The reflection signature can reveal details about
the inner structure of the medium. The most well known
application of this technique is its use in sonography to
produce pictures of fetuses in the human womb as shown
in figure 1. There are a vast number of other applications
as well.

Introduction:

Congenital malformations are now the leading cause
of infant mortality (death) in many developed nations.
Congenital malformation: A physical defect present in a
baby at birth, irrespective of whether the defect is caused
by a genetic factor or by prenatal events that are not
genetic. In a malformation, the development of a
structure is arrested, delayed, or misdirected early in

The benefit of a medical imaging examination in
terms of its ability to yield an accurate diagnosis depends
on the quality of both the image acquisition and the
image interpretation[3].

Figure 1: A Fetus in its mother’s womb and regions of interest are marked
*On leave from Helwan University, Cairo, Egypt.
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Figure 2
A) Coro
onal View(hyd
drocephaluscaase),B) Axial V
View(hydrocep
phaluscase),C
C) Axial View(normal case)
A radiologgist, a physiccian specificaally trained too
supervise andd interpret raadiology exam
minations, willl
analyze
a
the im
mages and sen
nd a signed reeport to patiennt
primary
p
care or
o referring ph
hysician [4]. Most
M
ultrasoundd
scanning is nonninvasive and is painless.

Identiifying the canddidate objects by
b using the features
of the objjects of interest from the knowledge databaase, by
obtain thee range withinn which the feaatures of “canddidate
objects” must
m
be. If noo candidate is found satisfyinng the
ranges, Itt is needed to aadd or reduce thhethreshold[8].

Ultrasoundd is widely av
vailable, easy-tto-use and lesss
expensive
e
thann other imagiing methods and
a
it uses noo
ionizing
i
radiattion.

Comp
pare the core areas with thee core areas of
o the
interest objects
o
in the database and pick the canddidate
objects th
hat have the value within the range. Fiinally,
apply th
he “Morpholoogical Filterin
ng” with diilation
operationn for smoothingg the structure of the object.

There aree two differeent views thhrough whichh
physicians
p
can
n diagnose hyd
drocephalus dissease which aree
Coronal
C
view and Axial vieew. These twoo views can bee
shown in figurre2.
Hydrocephhalus is most often treated by surgicallyy
inserting
i
a shu
unt system. Thhis system diveerts the flow of
Cerebral
C
Spinaal Fluid (CSF
F) from the Ceentral Nervouss
System (CNS)) to another areea of the body where
w
it can bee
absorbed
a
as paart of the normaal circulatory process
p
[5].

2.
2

Statee of the art::

Segmentatiion of ultrasouund images preesents a uniquee
challenge
c
becaause these im
mages contain strong specklee
noise
n
and atten
nuated artifact.

The goal
g
of threshold is to converrt a grayscale image
i
into a bin
nary image, seeparating an object’s
o
pixels from
the backg
ground pixels. Otsu’s methodd is selected foor this
reasearchh dataset. Otssu’s method is
i formulated as a
discriminnate analysis. S
Statistics are caalculated for thhe two
classes of intensity vallues (foregrounnd and backgrround)
that are seeparated by ann intensity thresshold.
Regioon-growing appproaches explooit the importannt fact
that pixels which are close togetherr have similarr gray
R
g approaches exploit
e
the impportant
values. Region-growing
fact that pixels
p
which arre close togethher have similaar gray
values.

3.
Apply the peak and valleey method to pixels scannedd
along
a
the Hilbert curve. Peeak-and valley
y[6] is a nonlinear
l
filter method.
m
It redduces impulsivve noise whilee
modifying
m
thee gray levels of the imagge as little ass
possible,
p
resuulting in max
ximum preserrvation of thee
original
o
inforrmation. In th
he original peak-and-valley
p
y
algorithm,
a
piixels are scaanned verticaally and thenn
horizontally.
h
By
B using Hilbeert curve preseerves the locaal
relationship
r
better than thee serial line scan.
s
Applyingg
Otsu’s
O
threshoold algorithm which
w
is an alg
gorithm used too
determine
d
the optimal threshhold of an ultrrasound imagess
by
b dividing the image innto small windows
w
.It iss
performed
p
on each window to get local thresholds.
t
Forr
each
e
pixel thhat has a highher intensity than
t
the locaal
threshold
t
of itss enclosing window, It couldd be substitutedd
with
w the local threshold
t
valuee[7].
Fetch the objects
o
featuress use the core area
a feature for
this
t
purpose. The core areaa of an objectt is the largesst
enclosed
e
squarre whose sides align with the image frame.

P
Proposed
syystem architecture:

This part
p discusses the system development
d
phhases,
explain modules
m
and algorithms
a
useed in each phaase to
measure the ventricle in both coronnel and axial view
accuratelyy and display screen
s
shots off the program output
o
results. The
T system connsists of five main
m
parts as shown
s
in fig.3. Image enhancement block used
u
to improvve the
quality (cclarity) of imagges for human viewing and system
analysis. Fig4. Shows the
t typical outtput in enhanceement
phase
In seegmentation pphase the caanny operatorr was
designed to be an optim
mal edge detecttor. It takes as input
a output an image
i
a gray sccale image, annd produces as
showing the
t positions of
o tracked intennsity discontinuuities.
Active co
ontours, or graadient vector flow (GVF) snakes
s
algorithm
m is generated ccurves that moove within images to
find the boundaries of region off interest, C--Mean
g method is used in proposed system
clustering
implemenntation in orderr to classify thee data in imagee into
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Figu
uer3: Computeer-assisted anaalysis system of
o Fetal Hydrocephalus

Figure 4: Head Segm
mentation of Axial
A
Images
three gray levels (using three
t
classes) they
t
are: whitee
bones,
b
gray tisssues, and black water as shoown in figure 44,
which
w
shows a typical outputt results.
Features extraction
e
is considered
c
as an importannt
element
e
in maachine learningg, as it helps the
t machine too
recognize
r
a sppecific object. In this sectioon, we discusss
some features that can be extracted from
m any wantedd
object.
o
Finally ann artificial neeural network is trained too
classify
c
the innputs accordingg to the targetts using scaledd
conjugate
c
graddient backpropaagation.

3.1 Corronel view im
mages algorrithm:
To annalyze the corronel view im
mages the folloowing
steps takiing place
o Apply
A
Gaussiann filter on ultraasound image.
o Apply
A
histogram
m equalization to coronal imaage.
o Convert
C
image to
t binary imagge.
o Label
L
all objectts in the binary image.
o Apply
A
canny eddge detection too coronal imagge.
o Using
U
snake alggorithm to deteect the ventriclee.
o Adjust
A
the rulerr.
o Measuring
M
the vventricle.
Figure 5 shows the bloock diagram of
o the coronel view
images teechnique whilee figure 6 show
ws a typical resuults
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Figurre 5: Block Diiagram of Corronal View

Figure 6: Seggmentation an
nd Measure cooronal view im
mage

3.2
3 Axial view images:
To analyzee the axial view
w images the following
f
stepss
taking
t
place
o Apply Gaussian filter on ultrasound
d image.
o Dividee gray scale image to thrree gray leveel
classess by c-mean fu
uzzy clustering
o Bones extracting from
m clustered im
mage
o Remov
ve unwanted objects that their
t
size varyy
small or
o vary large.
o Using ellipse midpoint algorithm to
t draw ellipsee
pass thhrough head boones.
o Measu
ure the Rotation
n Angle of sku
ull
o Match
hing filled elliipse with origginal image too
extractt the head.

o
o
o
o
o

Extract the Halff of fetus’s heaad
E
S
Segment
half hhead componen
nts such as chhloride
plexus, head boones and other objects.
o
R
Recognize
the objects to dettect chloride pplexus
by rural networkk.
A
Adjust
the rulerr.
M
Measuring
the vventricle

Figure 7 shows a typiccal results.
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Figu
ure7: Measurin
ng of Axial vieew images

3.3 Fetus
F
Head Measureme
M
ent:

hydrocephalus or not.. The block diagram is
shown in fig.8

Meeasuring the agge of the fetuss is consideredd
as an associated
a
outpput to the diagnnose report ouut
from the
t purposed sy
ystem. It is alsoo considered ass
an auuxiliary factor that a doctoor can use too
determ
mine if the fetal is infected
i
withh

m
implem
mented in thee proposed
A method
system to
o determine thee age of the fettus from the
distance between thee endings off the skull
boundariees (BPD) as shhown in figure99.

Figurre8: Block Diaagram of Meassuring Age
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Figure99: Measuring distance betw
ween the endin
ngs of the skull boundaries

Figurre 10: Gestintiial Age(GA) Calculation
C
3.3.1 Fetus
F
Head Measurement
M
a
algorithm
has
the folllowing steps:
o
o
o
o
o
o
o
o
o

o

Apply Gauussian filter on ultrasoundd
image.
Divide grayy scale image to three grayy
level classess by c-mean fuzzzy clustering
Bones extraccting from clusstered image
Remove unw
wanted objectss that their sizee
vary small or vary large.
Using ellipsee midpoint alg
gorithm to draw
w
ellipse pass through
t
head bones.
b
Measure the Rotation Anglle of skull.
f
ellipse with originaal
Matching filled
image to exttract bones of head
h
only.
Adjust the ruuler.
Measuring the BPD byy measure thee
maximum distance
d
betw
ween the twoo
bones curvess.
Calculate thee edge by BPD
D factor.

o
results frrom each step shown in
Typical output
figure 10.

4.

V
Validation
aand testing data:

The testinng data consistts of 47 ultraso
ound images
taken froom Egyptian subjects; eight images are
upnormall and the rest aare normal imaages.The 47
samples are
a randomly divided into thhree sets of
samples:
mples), these arre presented
Training: 70% (33 sam
to the nettwork during trraining, and thee network is
adjusted according
a
to itss error.
Validation: 15% (7 sam
mples), these are used to
a
to halt
measure network genneralization, and
w
generalizzation stops impproving.
training when
Testing: 15% (7 samplles), these havve no effect
i
on trainiing and so provide an independent
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measure of network performance during and after
training.

5.

Conclusion:

Less attention has been given to congenital
malformation. Hydrocephalus is one of the most
widespread diseases that may affect the fetus and
causes damage to its brain resulting in mental
retardation or fetus death The clinical course and
outcome of hydrocephalus diagnosed in utero is
not well understood. This study introduced
computer-assisted analysis for automatic
diagnose of
Hydrocephalus disease by enhance the fetus
ultrasound images to get red of the strong speckle
noise and attenuated artifact. modified the snake
algorithm segmentation the region of intrest to
extract the diameters and determining the size of
the fetus head. C-Mean clustering method is used
in order to classify the data in image into three
gray levels bones, gray tissues, and water.
Artificial neural network has been used to
recognize the affected subject. The system has
been examined on 47 ultrasound images taken
from Egyptian subjects, over 65% success rate is
reported . This system has been used also to
determine the fetus age based on c-mean
clustering with 100% success rate. Fetal
Hydrocephalus computer assisted analysis
system can present a great help to physicians in
diagnosis fetal hydrocephalus disease during
early stages of pregnancy.

6.

Future work:

It is possible to extend the Fetal
Hydrocephalus CAD system to cover other fetal
anomalies such as down syndrome, spina Bifida
and cleft lip and palate.
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Using Kernel-PCA Features for EEG Spike Sorting
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Abstract – The success of a spike sorting algorithm is highly
dependent on the quality of features extracted from EEG
action potentials (spikes). This paper explores the use of
Kernel Principal Component Analysis (KPCA) features for
representing spike shape variations. Our results on simulated
datasets show that the clusters obtained using KPCA features
are more suitable for classification purposes. By adjusting the
kernel type and the kernel argument, KPCA provides different
opportunities to explore the EEG feature space. By selecting a
proper kernel argument, a distinctive arrangement of clusters
is obtained whereby the noisy cluster is located centrally, and
the clusters for actual neurons are located laterally. The
improved space is a consequence of the ability of KPCA to
better distinguish subtle differences in spike shapes. This
prevents mixed and nosy spikes from being classified
incorrectly.
Keywords: KPCA, EEG, Spike Sorting

I. Introduction

E

lectroencephalography (EEG) is the recording of electrical
spike activity along the scalp produced by the firing of
cortical neurons in the brain. A spike sorting method is a
collection of algorithms which are used to isolate the activity
of single neurons from all other neurons obtained from one or
more EEG channels (electrodes). Separation of the spikes is
possible because the spike shape produced by one neuron is
different from neighboring neurons due to discrepancies in
cell structure. Accurate spike sorting is a pre-requisite to
studying the state of the brain, levels of activity in different
parts of the brain, and the levels of activity of individual
neurons during an experimental activity. This information is
then used for clinical diagnosis and development of
neuroprosthetics in using Brain-Machine interfaces.
A single channel electrode records univariate time-series
data which is subsequently band-pass filtered (300Hz – 8KHz)
to remove artifacts. Spike sorting algorithms generally have
several steps. First, a spike detection technique is used to
detect individual spikes in the data sequence. Next, the
individual spikes are separated into windows of a specific
length, in our case, 1.6 msec. The data points in the window
represent a vector of 64 data points, a number determined by
the sampling rate of the EEG signal. In addition, each spike is
time-stamped, which allows the peaks of all detected spikes to
align. Next, a data dimensionality reduction algorithm such as

PCA or wavelet transform is used to extract a small set of
representative features for each spike. Obviously, some loss of
information is incurred during this process. Finally, a
clustering algorithm is used to classify the extracted features
such that each spike can be classified as belonging to one
neuron, or discarded as noise. The overall success of a spike
sorting algorithm depends primarily on the dimensionality
reduction step which generates new features.
Previously, Vargas-Irwin [2] used two linear PCA
features to represent spike shape variations and then use
density grid-clustering in the transformed PCA space. They
showed that linear PCA features performed better than
wavelet features used by Quiroga [1]. Quiroga used 10 Haar
wavelet features to represent spike shape variations and superparamagnetic clustering for classifying the spikes in wavelet
space. In general, using fewer transformed features will lead to
higher misclassification rates. On the contrary, using more
features will slow down computational speed of the clustering
step. Keeping all other factors of spike sorting algorithm the
same, linear PCA features generally perform better than Haar
wavelet features for representing spike shape variations.
However, the problem with linear PCA features is that
they are only suitable for simpler datasets in which the shape
differences of different spikes are easy to discern. When two
neurons produce spikes that are very similar in shape, linear
PCA is found to perform poorly. Linear-PCA also seems to
produce features that match only the most-peaked portion of a
spike (one showing greatest variation), and are less likely to
give weight to other portions. This causes mixed spikes
(spikes from more than one neuron and hence having multiple
peaks) to be classified as good spikes (spikes with one peak).
Mixed spikes occur when the firing of one neuron overlaps the
firing of one or more neighboring neurons. The idea is to
separate the mixed spikes as best as possible, so that they can
be decomposed by some other technique such as template
matching [2] to determine the individual sources.
In this work, we illustrate a better method to separate the
mixed spikes from good spikes. We achieve this by using
Kernel PCA (KPCA) features, a set of non-linear features
which have been found to be more sensitive to spike shape
variations by taking into account shape variations along the
entire waveform. We also show the influence of the kernel
function argument value on the quality of KPCA results. We
illustrate our results for a sample simulated dataset and a real
dataset.
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II. Procedure
A. Kernel PCA
Kernel PCA is non-linear approach to PCA, proposed by
Scholkopf et al. [4]. Their most notable contribution is the
reformulation of the PCA algorithm in terms of dot products
so that the ‘kernel-trick’ can be applied. Kernel PCA is
essentially a non-linear mapping which projects the input
feature vectors to a higher dimensionality space where greater
classification power can be achieved. Once the vectors have
been mapped to the new space, linear PCA is applied on the
KPCA space to extract the KPCA features. The KPCA
features are essentially projections of the data-points on the
eigenvectors in a high-dimensional KPCA space. In our study,
the reduced KPCA feature space consists of only 3
components. Details of KPCA derivation are presented in the
Appendix.
TABLE I
KERNEL FUNCTIONS
Kernel
Linear PCA

Equation

Parameters
-

K ( x i , x j ) = xi • x j

d

Polynomial

K ( xi , x j ) = ( xi • x j + 1)

Radial-Basis
Function (RBF)

 xi − x j
K ( xi , x j ) = exp −
2σ 2


Sigmoid tanh
(Neural-net)

K ( xi , x j ) = ( s ( xi • x j ) + c )

d
2





σ

s, c
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[1]. A real dataset containing a single-channel recording in the
medial lobe of epileptic patients from Itzhak Fried’s lab at
UCLA is also used in the study. This dataset is available from
WaveClus homepage as well.
Furthermore, all the points in the first half of the
simulated datasets have been used so that the total number of
spikes considered per run is limited to 2000. Since the
dimensionality of the kernel matrix  scales proportionally
with the number of spikes detected, the size of the dataset is
controlled in this fashion to limit the size of  to less than
2000x2000.
For each dataset, we run a single trial for each of the
three deterministic feature extraction methods: wavelets, PCA
and KPCA, and compare the results of each in terms of spike
classification and shapes of clusters.

E. RBF Kernel Argument
For KPCA, the radial basis function (RBF) is applied to
each dataset and the parameter  is varied. For the simulated
dataset,  is swept from 0.2 to 3.6, in increments of 0.2. The
best results are obtained around   0.6. For the real dataset,
  0.6 does not work, and so it is increased in the range from
25 to 300, in steps of 25. The difference in argument values is
due to the differences in amplitudes between the simulated and
real datasets.

III. Results
A. Simulated Dataset: “C_Difficult1_noise005.mat”

B. Kernel Functions
The ‘kernel trick’ involves the use of kernel functions to
compute the kernel matrix . Table I shows a list of functions
generally used in KPCA applications. In our study, we found
the RBF kernel most suitable for extracting KPCA features.

C. WaveClus Toolbox
We used WaveClus 2.0 [8], an open-source spike sorting
toolbox, to compare the performance of KPCA to linear PCA
and wavelets for feature extraction, keeping all other steps of
spike sorting such as spike detection and clustering
unchanged. The WaveClus code was updated to support
KPCA which was implemented using the Statistical Signal
Processing Toolbox 2.10 [9]. All of these toolboxes are
compatible with Matlab® 2008b and prior.

D. EEG Datasets
A number of single-channel datasets are available at the
WaveClus homepage [8]. The simulated datasets contain 3
distinct spike shapes (classes) and the number of spikes for
each class is known. In addition, a number of noisy spikes,
compiled from a spike database, are added to each dataset. All
spike amplitudes are normalized to 1, and the standard
deviation of the background noise level varies from 0.05 to 0.2

This dataset is characterized by similar shaped shapes
which makes spike classification difficult. The standard
deviation of the noise level is 0.05. The first half (15sec
duration) of this dataset contained 1693 spikes, but only 1496
spikes were detected by the spike detection phase. The
detected spikes are separated into windows of 64 points and
overlaid in a single plot as shown in fig. 1. The class label of
each spike is unknown at this point. Next, data-dimensionality
reduction is performed either using wavelets, PCA and KPCA.
The top 10 features are retained for wavelet method, and the
top three features (components) are retained for PCA and
KPCA. Super-paramagnetic clustering is then applied to each
of transformed feature spaces independently to identify the
labels of the spikes detected.
The final classification results for each feature extraction
method are shown in fig. 2. The figure illustrates an overlay of
all spikes clustered together. It is evident from this figure that
both wavelets and linear 3-PCA admit mixed spikes where as
3-KPCA does not. The mixed spikes appear as additional
peaks beyond the main peak located at 20ms. This difference
is only attributable to the quality of the features in the feature
extraction step since all other stages of spike sorting are
identical. It appears from these results that for mixed spikes,
KPCA features retain shape information for all the spikes in
the mixture and not just the portion of spike with greatest
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variation, as is the case for the other methods. In other words,
KPCA features retain shape information better than the other
methods. As a result, KPCA performs a better job in rejecting
those spikes due to mixtures or random noise.
Spikes detected by amplitude threshold = 1496
1.5

Amplitude

1

of clusters is interesting and is only reproducible when the
RBF kernel argument is selected appropriately. Note that all
the noisy spikes are clustered in a tight region in KPCA space
despite the fact that the spikes belong to this group exhibit a
wide variety of shapes! (note cluster 0 of bottom panel in fig.
2). On the other hand, spikes of a particular neuron are almost
identical in shape and yet spread over a large volume in the
feature space.

0.5
0
-0.5
-1
0

20

40
Datapoint

60

80

Fig.1. Spikes detected by amplitude threshold
Fig.3. Left: Clusters formed using 10-wavelet features (only top 3 shown)
Right: Clusters formed using 3-PCA features

Fig.4. Clusters formed using 3-KPCA features (σ = 0.6)

B. Influence of RBF argument on quality of
KPCA features

Fig.2. Classification results: Top panel: 10-wavelet features, Middle panel: 3PCA, Bottom panel: 3-KPCA (σ = 0.6)

Next, we consider the arrangement of clusters produced
by each feature extraction method after clustering is complete.
For 10-wavelet and 3-PCA, the corresponding feature spaces
(first 3 features only) are shown in fig. 3. For 3-KPCA, the
feature space is shown in fig. 4. In these figures, each colored
cluster corresponds to a single spike shape and hence a single
neuron. The black dots correspond to noisy spikes. In the case
of KPCA, it also includes mixed spikes. In both the 10wavelet space 3-PCA feature spaces, the noisy spikes are
located anywhere around the space of the three main clusters.
However, in 3-KPCA, the noisy spikes are located centrally
and the main clusters are located laterally. This arrangement

Spike sorting results generally improve as the number of
features (components) used is increased. However, unlike the
other two methods, KPCA also has the kernel argument σ as
an additional parameter that needs to be tuned so that the
feature space is more convenient for clustering. In our
experiments, a rough approximation of σ is first obtained by
adjusting its value manually depending on the amplitude of the
spikes in the dataset. Once a ball-park value if found, the
parameter is swept over a small range, and for each value of σ,
two measures are calculated:
(i) The total variance explained by the first  components,
(ii) Percentage of the total variance explained by the first 
components.
Changes in the above two measures were recorded for
different values of σ as shown in figs. 5 & 6. From fig. 5, the
maximum variance explained by first 3 KPCA components is
obtained when σ = 0.6. KPCA results for σ = 0.6 have already
been shown in figs. 2 & 4. Notice that the percentage of
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Total variance explained by first 3 components

maximum variance explained when σ = 0.6 is lower than
when σ = 3.6. However, at σ = 3.6, the feature space obtained
looks similar to the PCA space obtained in fig. 3. In particular,
notice how the noisy spikes are no longer located centrally.
The final classification results for 3-KPCA with σ = 3.6 are
shown in fig. 8. The noisy spikes are back in the picture. The
motivation for the sweep is to identify a value of σ which will
facilitate convenient clustering to allow better rejection of
mixed spikes. If the value of σ is too large from this heuristic
optimal, then KPCA mimics PCA but performs no worse than
it. In fact, the classification results shown in fig. 8 for 3-KPCA
are similar to the classification results for 3-PCA shown in
middle panel of fig. 2.
500

400

300

200
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Fig.8. Results for KPCA σ = 3.6

C. Real Dataset: “CSC4.Ncs”
In this dataset, the spike shapes from the two neurons are
quite different in shape. For KPCA, the maximum variance
explained by first 3 components is achieved when σ = 100.
All three feature extraction methods (10-wavelets, 3-PCA, and
3-KPCA with σ = 100) produce the same result as shown in
fig. 9. The methods perform well because the two distinct
spikes are easy to discern. Therefore, the features generated by
all three methods are found to be salient. This is fairly clean
dataset, but in cases where the data is contaminated with
mixed and noisy spikes, the use of KPCA is strongly
encouraged.

100

0
0

1

2
RBF Kernel Argument

3

4

% Total variance explained by first 3 components

Fig.5. Effect of σ on the total variance measured using the first 3 components

60

Fig.9. Results obtained by 10-wav, 3-PCA, and 3-KPCA with σ = 100

50

40

IV. Conclusions
30

20

10

0
0

1

2
RBF Kernel Argument

3

4

Fig.6. Effect of σ on the percentage of total variance measured using the first
3 components

Fig.7. KPCA feature space if σ = 3.6

KPCA features are an alternative to PCA and wavelet
features that should be considered to maximize the rejection of
mixed and noisy spikes. By changing the parameter of the
RBF kernel, one is able to control the appearance of the
feature space allowing more ways to explore the data. By
maximizing the total variance measure explained by the first 
components, one can effectively obtain a feature space that is
more suitable for accurately clustering the spike shapes. In this
feature space, the noisy cluster is located centrally, and
clusters corresponding to individual neurons are located
laterally. This benefit comes at the expense of a higher
computational load during feature extraction. However, by
using techniques such as greedy KPCA or a parallel KPCA
implementation on a graphical processing unit (GPU), one
could minimize the computational demands making KPCA
more feasible for real-time applications. Further studies need
to be carried out in this area.
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V. Appendix: Kernel PCA Derivation
The main idea is to write the dot products of linear PCA
using kernels. To do this, first consider the mapping from
original space  ( dimensional) to (high dimensional ).
x∈X

(n )

→ φ ( x) ∈ H

(high )

1 p
∑ φ ( x j ) =0
p j =1

(2)

Compute the covariance matrix using eq. (3)

1 p
(3)
∑ φ ( x j )φ ( x j )T
p j =1
The characteristic equation and the singular-valuedecomposition (SVD) of the covariance matrix are computed
as follows:
(4)
λw = Cw
T
(5)
C = W ∆W
C=

∆ is a diagonal matrix containing eigenvalues in decreasing
order of magnitude from top-left to bottom-right. Expressing
(4) in terms of , and combining constants into the  term
allows us to write the eigenvector as follows:
p

w = ∑ α jφ ( x j )

(6)

j =1

Since the eigenvector is a linear combination of the
observations, the eigenvector in linear PCA is said to lie in the
span of  ,   …  . Now substitute (3) and (6) into
(4) and simplify:

p
 p

1 p
T
φ
(
)
φ
(
)
α
φ
(
)
=
=
λ
=
λ
α jφ ( x j )
x
x
x
Cw
w
∑

∑

∑
i
i
j
j
p

j =1
 i =1
  j =1


p

p

j

i

i

p

T

φ ( x j ) = λp ∑ α jφ ( x j )

i =1 j =1

j =1

Use kernel trick to replace dot-products by kernel functions:
p

p

p

∑∑ α φ ( x ) K ( x x ) = λ ∑ α φ ( x
j

i

i =1 j =1

Multiply both sides by  

i

p

p

j

j

j =1

j

)

p

∑∑ α j K 2 ( xi x j ) = λ ∑ α j K ( xi x j )
i =1 j =1

(1)

Assume that the data is centered in high-dimensional space:

∑∑ α φ ( x )φ ( x )

 p p

 p

T
T
∑∑ α jφ ( xi ) K ( xi x j ) φ ( x j ) = λ ∑ α jφ ( x j )φ ( x j )
 i =1 j =1

 j =1

j =1

Kα = λα

(7)

Equation (7) is characteristic equation for KPCA and
solving it gives us the eigenvalues  and eigenvectors .  is
the kernel matrix of size , where  represents the number
of observations. Singular Value Decomposition (SVD) of  is
computationally expensive for a dataset with many
observations.
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Abstract - Electrocardiogram (ECG) is a series of waves and
deflections recording the cardiac’s (heart) electrical activity
sensed by several electrodes. ECG signal utilized to extract
very useful information about the functional status of the
heart. Of particular interest are the systems designed for
monitoring people outdoor and detecting abnormalities
(arrhythmia) on the real time. In this paper, we propose a
nested ensemble technique for real time arrhythmia
classification. Its main components include manipulating the
training dataset for learning the classifier by up-to-data
training data, and manipulating the ECG features to select the
proper adequate set to enhance the accuracy and excellence
classification
performance.
Our
experiment
works
demonstrated the necessity of including all the ECG features
in cardiac health evaluation. Moreover prove the outstanding
quality achieved by our model.
Keywords: Arrhythmia, Classification, Feature Selection,
and Ensemble Technique.

1

Introduction

Heart activity is synchronized by electrical impulses
across the cellular membrane, due to charge differences
between the inside and the outside of muscle cells. These
impulses cause a discontinuous atria and ventricle contraction,
through which the blood is pumped all over the body. The
heart’s electrical activity reflected and spread on the surface
of the skin in the form of varying voltage waves that can be
recorded and analyzed. Electrocardiogram (ECG) is a series
of waves and deflections recording the cardiac’s (heart)
electrical activity sensed by several electrodes, known as
leads, monitor voltage changes between electrodes placed in
different positions on the body. ECG signals, generated by
sensing the current wave sequence of P wave to represent the
Atrial depolarization, QRS complex to ventricular
depolarization and T wave for ventricular repolarization

related to each heart beat. Figure 1 depicts the basics shape of
a healthy ECG heartbeat signal.

Fig. 1 ECG for one normal heartbeat showing the
amplitudes and time durations of P, QRS, and T waves.
ECG signals are very important medical instrument. That can
be utilized by Clinicians to extract very useful information
about the functional status of the heart. So as to detect heart
arrhythmia which is the anomalous heart beat, mapped with
different shape in ECG signal noticed by deflection on the P,
QRS, and T waves, which acquired by some parameters. That
judge against reference ones obtained through the average of
normal ECG wave forms sampled from healthy people
classified by age, sex, constitution and lifestyle. And then an
enormous finding produced. ECG is essential to diagnose
arrhythmias, as an indicator for cardiovascular disease, and
straightforwardly monitors the patient cardiac health [1].
Cardiovascular disease is the leading cause of death
along the world. It refers to various medical conditions that
affect the heart. These conditions include coronary artery
disease, heart attack, angina, heart failure, and sudden cardiac
death. Which all of them cause’s death, or damage to a part of
the heart muscle, because blood supply is severely reduced or
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stopped [2]. Many studies have been conducted especially on
the ECG detection and analysis in view of the fact that, it is
the focal tool for diagnosing heart arrhythmias [3] [4].
Wire ECG monitoring in hospital such as in surgery
theatres and intensive care are very crucial for saving people’s
life. But this kind of monitoring is inadequacy for the
coronary cardiac disease’s patients, who need following up in
home and in the open air, those who need continues
monitoring system to save their life. There for, there has been
a great deal of interest in the systems used to provide real time
ECG classification through intermediary local computer
between the sensor and the control center [5].
It’s vital for the automated system to accurately detect
and classify ECG signals very fast, to provide a useful means
for tracing the heart health in the right time. The accuracy of
the arrhythmias classification software is significance for the
precise cardiac dysfunctions diagnosis based on all types of
systems especially in the real time. The effectiveness of such
systems is affected by several factors, including the ECG
signals, the estimated ECG’s features and descriptors, the
dataset used for learning purpose and the classification rule
which applied. In this paper we propose a nested ensemble
technique for real time arrhythmia classification. Its main
components include manipulating the training dataset for
learning the classifier by up-to-data training data, and
manipulating the ECG features to select the proper adequate
one to enhance the accuracy and excellence classification
performance.

need following up in home and in the open air, those who
need continues monitoring system to save their life.
In contrast, in the case of first philosophy there will be a
patient adaptable local learning set. In this sense, specific
strategies are adopted for local learning in some arrhythmia
monitoring. Obviously, the size of the training data is very big
and it is satisfy the need of monitoring just specific arrhythmia
of specific patient.

2.2

A supervised training technique was used to build a
model for classifying the ECG data. The classifier model
maps the input features to the required output classes, using
adjustable parameters specified during the training process.
Several data mining techniques were used for this intention
such like decision tree [8], support vector machine [9], neural
networks [10], nearest neighbor [11], rule base classifier [12],
and fuzzy adaptive [13]. These methods are general purpose
and can be applied in any classification task. The judgment
upon such techniques bases on the accuracy: the right
description of the arrhythmia, effectiveness: the sensitivity to
detect the abnormalities on the same time when it take place,
efficiency: the speed by which the class of the arrhythmia is
going to be specified, and the reliability of the classifier: how
far doctors can trust on that model to judge future unseen
ECG data. These factors are fluctuating from one to another
method.

2.3
In the rest of this paper, we give a brief background of
related work, the heart health monitoring problems and
motivation, description of nested ensemble technique,
experimental works, and finally the conclusion.

2

Related work

In the following section we will introduce some related
work, including the most famous philosophies used to select
the training dataset, incremental learning algorithms utilized
to classify the arrhythmias on real time, and the techniques for
solving the concept drift problem.

2.1

Training dataset

considering the two main types of training dataset, the
local learning set which is a customized set to specific patient,
and global which is built from large database [6] [7]. The later
one is preferable to build a classifier model, while it is static
which means the learning process takes place through specific
set of data under specific circumstances. Therefore, the model
generated will be very accurate in similar situation while it
doesn’t in different cases. Which means it can be used to
monitor the ECG in hospital such as in surgery theatres and
intensive care. But this kind of monitoring is inadequacy for
keeping an eye on the coronary cardiac disease patients, who

The classification models

Concept drifts

The solutions to the problem of concept drift can be
generally categorized into three groups: 1) Window-based 2)
weight based and 3) ensemble classifiers. The window based
approaches [14], [15] are detecting the training dataset within
fixed or dynamic window sizes to make the classification
model.
In the weight-based approaches there are distinctive
weigh assigned to each training set based on certain factors
such like the time for storing the data [16]. To some extend it
looks similar to the widow based approach.
In the ensemble classifier, the classifier model is
constructed after voting multiple classifiers [17]. The simple
classifiers are builds for each block of data. According to the
accuracy and other factors like time consumed to build the
classifier, the weights are distributed and then voting is take
place so as to construct the base one.
Ensemble classifier can be constructed by different four
methods: 1) by manipulating the training set 2) manipulating
the input features 3) manipulating the class labels and 4)
manipulating learning algorithm [18]. In the first approach
there is multiple training set will be revise. In the second one
using sub set of features as an input for each training set,
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while the third one is preferable when the number of classes is
very high, and in the last one the classifier algorithm applied
many times on training data.

3

Research problems and motivations

The following sections describe part of real time cardiac
health monitoring issues related to the features set involved in
classifying arrhythmias and the training dataset introduced to
learn the classifier model.

3.1

ECG features

The literatures covered many works to detects and
classify arrhythmias depending on features related to QRS
complex mainly the R wave without introducing any other
parameters like P, T waves [19] [20] [21]. QRS complex
facilitates in detecting the RR interval and diagnosing many
arrhythmias, such as normal heart beat, premature ventricular
contractions, left and right bundled branch blocks, and paced
beats. In contrast QRS complex alone is not capable to offer
complete cardiac health monitoring which means, there are so
many arrhythmias which couldn’t be detected without
considering the P and T waves [22].
Employing other elements of ECG signal like the P wave
in the assessment process, can give more indications and
allow supplementary truthful judgment about the cardiac
health. The other elements of the ECG, together with the QRS
complex, for sure provide useful information such as to what
type of arrhythmia the patient has. Some arrhythmias, though
they may have a different cause, apparent themselves in
similar ways on the ECG. Furthermore, taking into account
the main two grouping of arrhythmias 1) the Ventricular, that
occurs in the ventricles are recognized because of the
abnormal QRS-morphology. And 2) the Supraventricular
arrhythmias, which occur in the atrium however, can only be
predetermined because they have an effect on the ventricular
rhythm. For example, prematurity is used as a parameter to
detect non-sinus beats, sudden pauses as indicators of
atrioventricular conduction disturbances or sinus pauses, and
sometimes irregularity as a measure for the presence of atrial
fibrillation or flutter. Accordingly, Supraventricular’s
abnormalities causing no or only gradual changes in
ventricular rhythm are not observed by the current analysis
systems, those who are referring only to the QRS complex for
tracing the cardiac activity [23].
For that explanation, the way out of this problem would
be, of course to analyze the P and T waves and other ECG’s
elements. Not only but also, measuring the time interval
between these elements. Nevertheless, this is technically not
feasible in the current remote cardiac health monitoring
systems because of computational cost considerations.

3.2
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Organizing the training dataset

The organization of the classifiers’ training dataset plays
a major role in improving the performance of detecting the
arrhythmia classes. The two techniques – local and global
training dataset – for selecting the right dataset are not
satisfying the need to detect the arrhythmias accurately in
different situations. The nature of ECG data in real time
monitoring applications involves many changes through the
time. For example, the different situations and activities of the
monitored person are varying along the day. Sometimes,
sleeping and sometimes running or working very hard. That
beside the sex, age, environment factors, temperature,
different kind of foods and drinks, medicines, and the mode
which changes through the hour. All of these factors and
others, affecting the heart activities and in usual cases it is not
a bad effects but it will be detected by the ECG leads and
transferred to the classifier model which is constructed by old
training dataset. In case of worse condition when arrhythmias
occur, the current classifier model may not be able to detect
the abnormalities or it may detect them but afterward.
As a result, the model constructed using the old training
data no longer need to be adjusted in order to identify with the
new concepts. In view of that, developing one classifier model
to satisfy all patients in different situation using static training
datasets is unsuccessful.

4

The nested ensemble technique

The process of monitoring the cardiac health in a real
time is a very complicate process. Although it is very useful to
detect the type of arrhythmias in the right time with high
accuracy, which is offer a good chance to safe many people
life. The literature shows many research progress and
technologies introduced by data mining tools to find solutions
for such problem. Our suggested technique is composed of
two parts, the outer ensample for manipulating the training
data set and the inner one which utilized to manipulate the
ECG features, mainly the QRS, P, and the T waves. Each
outer ensemble is organized by inner ensemble to ensure high
quality of cardiac arrhythmia classification in real time with
quite relief to the computational cost. Figure 2 illustrates the
nested ensemble technique components, and the following
steps show the sequences:
1.

Building a model with different dataset.

2.

In each data set there is evaluation with the P, T,
and QRS complex.

3.

Majority voting for the inner ensemble to select the
best features.

4.

Majority voting for the different training set to
select the best one.
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5.

Building the classifier with suitable features
through proper training data set.

descripts the heart physical condition at that period of time in
very sensitive manner.
We are applying the boosting method for this purpose.
Therefore, the sampling is take place by replacement. First of
all we organize the training data set with equal weights 1/n,
Then the classifiers are induced by the training set and used to
classify the tested data, secondly updates the weight of the
Boosting method at the end of each round either increasing or
decreasing depending on the success or failure of base
classifier respectively, and finally the ultimate model obtained
by aggregating the base classifier generated by each round
[18]. The reason behind select Boosting algorithm is that, the
activities of the monitored persons to some extend can be
specified and usually it takes long period of time, while
shifting from one to anther activity takes place very fast.
Therefore, ensemble the training dataset technique could
relief the problem of improbability of the classifier which
generated from learning the classifier model by old dataset.

Fig. 2 nested ensemble technique components

4.1

Multiple Training Datasets

The ECG outer ensemble simply introduced to learn the
classifier model by up-to-date training data. Figure 3
illustrates our idea to build an outer ensemble classifier
model.

4.2

Subset features design

In favor of detecting different types of arrhythmias, the
R to R interval must be measured to perceive the heart rate
variability HRV, the appearance of all waves with specific
shapes, and the normal duration between similar waves must
be checked in each heart cycle (bet to bet) [1] [24] [25]. Such
computation is very complex to carry out by a computer with
limited resources, although there are great interests in high
accuracy to specify the arrhythmias, with high speed to save
people life and avoid risks. This is the reasons to select a
subset of these features in order to detect an arrhythmia
accurately.
The inner model mainly designed to select the features
related to the QRS complex plus those which related to P or T
waves. We utilize the random forest method for this purpose
which randomly selects N samples with replacement [18]. The
subset feature selection models work inside each group of
training dataset. So we design a unique feature set could be
employed to describe specific arrhythmia in very sensitive
manner.

5
Fig. 3 ECG ensemble training data set

The ECG data can be received from the person in
different situations or doing dissimilar activities. Accordingly
the learning processes continue through the day.
Consequently, the classifier model will be built for each
training set and by enhancing majority voting technique we
can select the best model that can detect arrhythmias in any
situation. Finally we can accomplish the predicted class which

5.1

The experimental works
Environment

We used a database generated at the University of
California, Irvine [26]. It was obtained from Waikato
Environment for Knowledge Analysis (WEKA), containing
279 attributes and 452 instances [27]. The classes from 01 to
15 were distributed to describe normal rhythm, Ischemic
changes (Coronary Artery Disease), Old Anterior Myocardial
Infarction, Old Inferior Myocardial Infarction, Sinus
tachycardy, Sinus bradycardy, Ventricular Premature
Contraction (PVC), Supraventricular Premature Contraction,
Left bundle branch block, Right bundle branch block, degree
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AtrioVentricular block, degree AV block, degree AV block,
Left ventricule hypertrophy, Atrial Fibrillation or Flutter, and
Others types of arrhythmias Respectively.
The experiments were conducted in WEKA 3.6.1
environment. The data set was divided into two mutually
disjoint sets, training and testing sets. The training one used to
train the classifier model through the boosting method. The
ECG features related to the QRS complex, P, and T waves are
organized by the random forest method.
Our experiment were carried out by PC with processor
intel core (T M) 2 DUO, speed to 2.40 GHz. And RAM 2.00
GB.

5.2

Results

We implemented two types of experimental works, the
first one to prove the necessity of including the P and T waves
in conjunction with the QRS complex to evaluate arrhythmias
in the right way. And the second work to provide evidence
about the value added by our technique regarding the
improvement of the classifier’s accuracy. The performance
was assessed in term of accuracy which means the correctness
for specifying the arrhythmias type.
Referring to the first experiment we measure the
performance of three different algorithms the OneR, J48 and
Naïve Bayes according to the feature or features used to
classify the arrhythmias. Table 1 summarizes the results for
each algorithm.

Table 1 the accuracy according to specific ECG feature or
features
features
QRS only
QRS + P
QRS + T
QRS + P + T

OneR

J48

Naïve Bayes

60.4
60.4
61.3
61.1

91.2
91.4
91.2
92.3

76.5
77
76.7
77.7

Figure 4 illustrates the accuracy achieved by each
algorithms with different features set. All of them – except the
OneR – their accuracy increase when we include features
related to QRS complex, P and T, while there was light
improvement when QRS complex included with only P or T
waves. The result proves that, there is a great need of using all
types of features to detect all types of cardiac arrhythmias.
Because the QRS complex alone, can perceive only some
arrhythmias and the monitoring process can take place to
merely a minority of the heart activity. On the other hand, we
can attain the majority when we utilize the QRS with P and T
waves.

Fig. 4 the algorithms performance with different features
set
In the second experiment works we introduced our
nested ensemble technique in comparison with the J48, since
it scored a high performance when compared with anther
methods according to the previous experiments.
The experiment was conducted using the features
related to the QRS complex, P and T waves. Figure 5 shows
the superior of the nested ensemble technique in the process
of detecting the arrhythmias with high accuracy when
compared with the J48. It is a clear prove that the nested
ensemble can enhance the process of detecting the different
types of arrhythmia. Since the technique selects the right
features within the suitable learning dataset. Thus, there could
be very efficient cardiac health monitoring to specify the type
of the arrhythmia in very accurate mode.

Fig. 5 the J48 and the nested ensemble performance
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6

Conclusion

Cardiovascular diseases are responsible of huge amount
of death along the world. Detecting the heart arrhythmias
through ECG monitoring is mature research achievement. But
it’s accessible to patient in hospitals only, with lack to handle
others outside continually. since identifying arrhythmia in the
right time is indispensable to protect patient and to minimize
the risk as much as possible, a relief solution to provide 24
hours monitoring for the cardiac patient is one of demanding
and promising area of research.
There has been much work in the area of classification
arrhythmias on real time. The dataset used to train the
classifier are often small. Moreover, the verity of the
conditions and the diverse activities of the patients, make such
learning dataset is of no use for the reason that there are raptly
change during the time. As a result, the model constructed
using the old training data no longer need to be adjusted in
order to identify with the new concepts. In view of that,
developing one classifier model to satisfy all patients in
different situation using static training datasets is
unsuccessful.
The ECG nested ensemble technique suggested for
providing the classifier by two main resources, modern
training data. Accordingly the learning processes continue
constantly. Therefore, the classifier model will be selected to
satisfy the needs at that moment and then carry out the
predicted class which describes the heart physical condition at
that period of time in very sensitive way. And the required
features in addition to the QRS complex to satisfy the need to
detect all types of arrhythmias.
As a result, and according to our experiments nested
ensemble technique can relief the problem of unlikelihood of
the classifier that generated when learning the classifier by old
dataset and limited input features. In our future work we are
going to improve the performance of the nested ensemble by
utilizing different ensemble methods.
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Abstract— The Verbal Decision Analysis framework involves two ordering methods: PACOM and ZAPROS, being
each method best suited for a determined context. The PACOM method is indicated to problems having a small set of
alternatives, being possible to solve models presenting many
criteria. The ZAPROS method, though, should be applied
to problems having a small criteria set, but presenting a
great set of alternatives. Our proposal is to analyze both
methods considering their advantages and disadvantages.
An approach structured on the ZAPROS method but with
some modifications to improve the alternatives comparison
process will be also considered. A multicriteria model aiming at establishing which test from a determined set would
be more likely to lead to the diagnosis of the Alzheimer’s
disease faster will be applied on the analysis. The model was
previously structured and studied, and the results obtained
by the application of each method will be exposed and
discussed.
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1. Introduction
One of the greatest problems faced in organizations is
related to the decision making process. The determination of
the object which will conduct to the best result is not a trivial
process and it involves the analysis of several factors. These
problems are complex and the consideration of all relevant
aspects to the decision making is practically impossible,
due to the human limitations. Besides, the decision making
related to management decisions is even more critical, since
the choice of an inaccurate alternative may lead to a waste
of resources, affecting the company.
Multicriteria methodologies help to generate knowledge
about the decision context, thus, increasing the confidence
of those who make decisions on the results [5]. We have multicriteria methods based either on quantitative or qualitative
analysis of the problem and it is challenging to choose the
approach that best fits the problem to be solved. Illustrating
problems that apply the quantitative methods, we have [3],
[18], [19], [15], and, among those that apply qualitative ones,
[13], [22], [23] and [24].
This work focuses on the comparison of the applications
of the methods PACOM [10], ZAPROS III [12], and of a
method mainly structured on the ZAPROS method [25][21].

The methods above mentioned belong to the Verbal Decision
Analysis framework [6], and their main characteristic is
that the problems’ solving is performed in a more realistic
way from the decision maker’s point of view (quantitative
methods could lead to loss of information when one tries to
assign exact measures to verbal values). These methods were
chosen among others because this paper aims at performing
a comparative study of qualitative ordination methods.

2. The PACOM Method
The PACOM (PAired COMpensation) method [10] aims
at supporting the decision making process in scenarios
involving a rather small set of alternatives (no more than 10)
and on which the latter are difficult to be analyzed without a
formal method. In problems where the number of alternatives
is greater than 10, the set should be reduced by applying
more robust methods to determine a subset containing the
potentially better alternatives.
First, a pair of alternatives is selected for comparison and
the decision maker is asked to rank order the disadvantages
of an alternative with respect to another, from the most
significant disadvantages to the least one. Then, hypothetical
alternatives are structured to the comparison and compensation of part of the alternatives’ disadvantages (the hypothetical alternative differ from the real alternative in two or
three criteria values, assigning to these the values presented
in the other real alternative being compared). Later, the
compensation process of two alternatives (generally, one real
and one hypothetical) starts. The definition of hypothetical
alternatives and the compensation process is performed until
the comparison between the real alternatives selected can
be established based on the decision maker’s preferences
informations obtained on the former comparisons.
The procedure of preferences elicitation is psychologically valid, and it is given by the ordering of the relative
disadvantages between pairs of real alternatives and by the
comparison of auxiliary alternatives. It is based on the pairs
compensation principle, implying that the disadvantages of
an alternative may be counterbalanced by the disadvantages
of another one and, then, the analysis of the more important
advantagesdisadvantages is performed. If the disadvantages
of the an alternative are less important to the decision
maker than the disadvantages of another alternative, than
the former is preferable to the latter. Otherwise, the alternatives are incomparable based on the formed set of criteria
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and using psychologically valid procedures for preferences
elicitation [10].

3. The ZAPROS Method
The ZAPROS method aims at the classification of given
multicriteria alternatives. The method is structured on the
acknowledgment that most decision making problems can be
verbally described. The Verbal Decision Analysis supports
the decision making process the by the verbal representation
of the problem [10].
The method is based on the elicitation of preferences
around the values that represent the distances between the
evaluations of two criteria. A scale of preferences can be
structured, enabling the comparison of alternatives.
Among the advantages of the ZAPROS method utilization,
we can say that [27]:
- It presents questions on the elicitation of the preferences
process understandable to the decision maker, based on
the criteria values. This procedure is psychologically valid
(because it respects the limitations of the human information
processing system) and represents the method’s greatest
feature;
- It presents considerable resistance to the decision
maker’s contradictory inputs, being capable of detecting and
requesting a solution to these problems;
- It specifies all the information of the qualitative comparison in a language that is understandable to the decision
maker.
A disadvantage of the method is that the number of criteria
and values of the criteria supported are limited, since they
are responsible for the exponential growth of the problem
alternatives and of the information required on the process
of preferences elicitation.
The scale of preferences is essentially qualitative, defined
with verbal variables, causing losses on the comparison
power, because these symbols are not assigned of exact
values (which implies in the inexistence of overall values
- best or worst in any kind of situation) and can’t be recognized computationally. So, there are a lot of incomparable
alternatives, which can lead to an absence of an acceptable
result.
According to [12], an estimate of the number of incomparable alternatives (and, consequently, of the method’s
decision power) can be made by calculating the number
of pairs of alternatives (Q = 0.5nN (nN − 1), where N
represents the number of criteria and n is the number of
criteria values) and the subset that will be related by Pareto’s
dominance (D). From the difference between Q and D, we
have the set of alternatives that depends directly of the
preference scale obtained by the decision maker’s answers.
This is the set with the greatest probability of presenting
contradictory pairs of alternatives. After that, the index of
the decision power of the method can be obtained as follows:
S
, where B is the difference between Q and D,
P = 1− B
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and S is the number of alternatives that can’t be compared
based on the DM’s scale of preferences.
The application of the ZAPROS III method is described
in detail in [11].
The other methodology, which is mainly structured on the
ZAPROS method, is described in [25] and [21]. It differs
from the original method on the preferences elicitation and
in the alternatives comparison process. It has already been
applied to problems of namely importance [22][23][24][26],
and the results achieved in all tested situations were better
than the ones obtained by the application of the pure
ZAPROS method.

4. The Alzheimer’s Disease
Demographic studies in developed and developing countries have shown a progressive and significant increase in
the elderly population in the last few years [20]. Among
the illness that occur especially in elderly people, we can
say that the dementia is the one that deserves a major
attention, since the chances of presenting the pathology
increase exponentially as one gets older. Dementias are
syndromes characterized by a decline in memory and other
neuropsychological changes. It presents three main characteristics:
- Loss of memory, ranging from a simple oversight to a
more severe case such as not remembering the own identity;
- Behavior problems as agitation, insomnia, tearfulness,
inappropriate behavior, loss of normal social inhibition, etc;
and
- Loss of skills acquired throughout life, such as: driving,
getting dressed, cooking, etc.
The Alzheimer’s disease is the most frequent cause of
dementia and it is responsible (alone or in association with
other diseases) for 50% of the cases in western countries [20]. According to [7], the disease was also recognized
as the fifth leading cause of death in 2003 among those older
than the age of 65. Besides, its incidence and prevalence
double every 5 years, with estimated prevalence of 40%
among people with more than 85 years of age [7].
Regardless of its high incidence, doctors fail to detect
dementia in 21 to 72% of the cases [1]. Much of the disease
characteristics and its evolution is still unclear, besides all
the progress that has been made.
The Alzheimer’s disease is characterized by the presence
of senis plaques and tangled neurofibrillaries in the regions
of the hippocampus and cerebral cortex, and the neurons
appear atrophied in a large area of the brain, as shown in
fig. 1. This is a difficult diagnosed illness, since the initial
symptoms are subtle and they progress slowly until they are
clear and devastating.
There are still many aspects that remain unclear about the
disease, although the greater advance that has been made in
the last few years. Studies aiming the identification of the
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Fig. 1: Normal brain and an Alzheimer’s disease brain [17].

fundamental points to the diagnosis and posterior treatment
of the pathology are the focus of many scientists nowadays.
There’s a major importance in identifying the cases in
which the risks of developing a dementia are higher, considering the few alternative therapies and the greater effectiveness of treatments when an early diagnosis is possible [8].
Besides, according to studies conducted by the Alzheimer’s
Association [9], the Alzheimer’s disease treatments have
significant resulting costs, and it is known that it is one of the
costliest diseases, second only to cancer and cardiovascular
diseases.
This way, the accuracy of the diagnosis is very important,
and each day more treatments become available [4]. The
major challenge nowadays is the accuracy of the diagnosis. These efforts can help identifying conditions that are
potentially reversible or treatable that have contributed to
cognitive decline and dementia. Based on the accuracy of
the diagnosis, family members can plan the future needs
of the patient and can also consider the implications of a
particular diagnosis regarding their own future.

5. The Diagnosis of the Alzheimer’s Disease
Studies showed that by the time that the diagnosis of
Alzheimer’s is made, the pathology has already been present
for decades [2]. As it’s known that the earliest the dementia
is diagnosed, the greater are the chances of delaying its advance, the greatest achievement of the researches nowadays
is to find out a way to identify the disease on its earliest
stage.
Even though the only way to have the definitive diagnosis of the disease is by the examination of the brain
tissue (biopsy), a probable diagnosis can be made based on
neurological and psychological tests, clinical history of the

patient, laboratory and neuroimaging tests, etc.. Currently,
a great variety of tests with this purpose are available, and
one of the major challenges is to find out which test, or
which characteristics of a test, would be more efficient in
establishing the diagnosis of dementia.
A diagnosis of Alzheimer’s disease can be established
based on several procedures. There are a great variety of
tests applicable to a patient in determined health conditions.
For example: for the global cognitive evaluation, the MiniMental State Examination is recommended; for memory
evaluation, a delayed recall [14] or presentation of objects as
drawings; for language evaluation: Boston naming; and so
on. We also have the clinical tests based on laboratory and
neuroimaging tests. So, there is a the great number of tests
required to an elderly presenting the disease symptoms.
With the purpose of avoiding causing annoyance and
weariness to an elderly person for being submitted to series
of tests, this study aims at helping decide which would be
the best manner to define the diagnosis, in other words, to
establish an order of relevance of the tests to be applied to
a patient in order to get to the diagnosis faster.
To do this, we sought to choose the most important tests
in the diagnosis of Alzheimer’s disease, using the battery
of the Consortium to Establish a Registry for Alzheimer’s
Disease (CERAD). This battery has been chosen because it
encompasses all the steps of the diagnosis and it is used all
over the world. The neuropathological battery of CERAD,
which is the center of interest of this work, is mainly
structured on neuroimaging exams of the patients, with the
aim of verifying whether or not there are any other problems
in the patients’ brain, such as vascular lesions, hemorrhages,
microinfarcts, etc, that could be relevant to the diagnosis of
the disease.
The data given on the battery was analyzed and, considering the experience of the decision maker (the medical
expert), a multicriteria model was structured in order to find
out which questionnaires of a given set are more attractive to
be applied to a patient to help on the diagnosis of the disease.
The criteria were defined considering the characteristics of
each questionnaire of the battery. The preferences were given
through the analysis of the questionnaires results and the
postmortem diagnosis of each patient, in a way to establish
a relation between them. At the end, we had a ranking of the
questionnaires, from the one that had the greatest importance
on the diagnosis, to the one that had the least.

6. CERAD - An Overview
The Consortium to Establish a Registry for AlzheimerŠs
Disease (CERAD) was funded in 1986 with the aim of
establishing a standard process for evaluation of patients
with possible Alzheimer’s disease who enrolled in NIAsponsored Alzheimer’s Disease Centers or in other dementia
research programs [16]. At that time, uniform guidelines
were lacking as to diagnostic criteria, testing procedures, and
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staging of severity, despite the growing interest in clinical
investigations of this illness.
The following standardized instruments to assess the various manifestations of the disease were established: Clinical
Neuropsychology, Neuropathology, Behavior Rating Scale
for Dementia, Family History Interviews and Assessment of
Service Needs.
Nowadays, the major standardized instruments have been
translated into thirteen languages.

7. Comparison of the Methods Considering the Model to the Alzheimer’s Disease
Diagnosis
A multicriterion model was structured based on four tests
of the CERAD’s neuropathological battery: Neuropathological Diagnosis, Cerebral Vascular Disease Gross Findings,
Microscopic Vascular Findings and Clinical History. The
model will be applied to the three questioned methods in
order to verify their performances on establishing which of
the tests are more likely to lead to a diagnosis faster.
The criteria established were defined considering parameters of great importance to the diagnosis, based on the
analysis of each questionnaire data by the decision maker
and in his knowledge. The analysis of the questionnaires’
data was carried out following some patterns, such that if
a determined data is directly related to the diagnosis of the
disease, and this fact can be found based on the number of its
occurrences in the battery data, this fact will be selected as a
possible value of criteria. For being relevant to the diagnosis,
one can notice that questionnaires that are able to detect this
occurrence are more likely to give a diagnosis.
Regarding the CERAD data, only the results of the tests of
patients that had already died and on which the necropsy has
been done were selected, because it is known that necropsy
is essential for validating the clinical diagnosis of dementing
diseases. So, the model was based on 122 cases.
This way, the criteria considered relevant are: verification
of the existence of other brain problems, i.e. hemorrages, infarctsmicroinfarcts, arteriosclerosis, etc; problems that could
be detected by neuroimaging tests required to answer the
questionnaires (Cerebral Computed Tomograpy - CT, Magnetic Resonance Imaging - MRI); clinical studies required
to answer the questionnaires.
The values of criteria to evaluate the CERAD’s questionnaires afore mentioned and the values identified for them are
exposed in table 1.
Table 2 presents the questionnaires, which are the alternatives of the problem, and their criteria values.

7.1 Application of the Methods to the Formulated Model
The preferences were elicited based on the analysis of
the answers obtained to each questionnaire in the CERAD’s
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Table 1: Criteria for evaluation of the analyzed questionnaires of CERAD.
Criteria

A - Verification of
Existence of Other
Diseases

B - Neuroimaging
tests: MRI or CT

C - Clinical Studies

Values of Criteria
A1. There are questions about the severity
of other brain problems
A2. There are questions about the existence
of brain problems
A3. There are no questions about the existence
of brain problems
B1. One or more cerebral lacunes
can be detected
B2. Extensive periventricular white matter
changes can be detected
B3. Focal or generalized atrophy
can be detected
C1. Electroencephalogram
C2. Analysis of Cerebrospinal Fluid
C3. Electrocardiogram

Table 2: The neuropathological tests analyzed and their
representations as criteria values
Alternatives

Criteria Evaluations

Neuropathological Diagnosis
Cerebral Vascular Disease Gross Findings
Microscopic Vascular Findings
Clinical History

A2B3C3
A1B2C1
A2B3C1
A3B1C2

database and the patients’ final diagnosis with the medical
expert. The facts that were more constant and extremely connected to the patient’s final diagnosis were set as preferable
over the others. This way, it was possible to establish an
order of the facts that had a direct relation with the patients’
final diagnosis, and so, which of the questionnaires had the
questions that were more likely to lead to it.
To the PACOM method, the analysis above mentioned was
applied during the pairwise comparison of hypothetical and
real alternatives. In the same way, the ZAPROS III method
and the proposed methodology’s the decision rule were
based on the analysis afore mentioned (the decision rule
structured to both methods is equivalent to the one presented
in [26]). The results obtained to the three applications are
exposed in table 3.
Table 3: Classification of the neuropathological tests analyzed according to each method.
Alternatives
Neuropathological
Diagnosis
Cerebral Vascular
Disease Gross Findings
Microscopic Vascular
Findings
Clinical History

PACOM

ZAPROS III

Proposed
Methodology

4

3

3

1

1

1

2
3

2
2

2
3
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8. Conclusions
Considering the PACOM method, it does not define a
decision rule during the preferences elicitation process: the
preferences are elicited according the criteria values presented on the alternatives. Since the preferences elicitation
depends on the set of alternatives, whenever this set is
changed, the preferences will probably have to be elicited
again. This fact makes it unsuitable for simulation scenarios
or for scenarios on which the set of alternatives is not
previously defined.
On the other hand, being the preferences elicitation focused in the set of alternatives, the process is simplified
and it can achieve better results for determined problems
(enabling a comparison involving up to three criteria values,
which is not allowed in the other two methods). The method
is structured as follows: Problem Formulation, Elicitation of
Preferences and Comparison of Alternatives; being these last
two stages dependent and their boundaries undefined.
As a conclusion to the PACOM application, the results
were satisfactory and a complete ordering of the alternatives
was established. The preferences elicitation process happens
at the same time as the alternatives comparison process,
which makes the method faster, but inadequate to models
on which the alternatives are constantly being modified. The
decision maker had difficulties when asked to compare three
criteria values at the same time (being this comparison the
method’s differential that leaded to the complete ordering
of alternatives). However, she answered satisfactorily to all
presented questions.
The proposed approach methodology and the method
ZAPROS III are structured based on the same principles:
the preferences should be elicited before the appearance
of the alternatives, and the process is performed such that
a decision rule can be established and used later on the
alternatives comparison process.
The preferences elicitation process involves, in the worst
case, the comparison of all possible combinations of pairs of
criteria values, since transitivity relations are used. This fact
makes it a very costly and time consuming process. However,
after obtaining the decision rule, the set of alternatives can
vary without one having to elicit the preferences again.
Both methods are structured into three well-defined stages:
Problem Formulation, Elicitation of Preferences and Comparison of Alternatives; being the process of preference
elicitation completely independent of the alternatives comparison, unlike the method previously analyzed.
As a conclusion to the ZAPROS III method application,
the results were not as satisfactory as the ones presented on
the PACOM method’s application, since it was not possible
to perform the complete ranking of the alternatives. The
presented limitation is due to the process of preference
elicitation, which is made regardless of the criteria values
presented on the alternatives, being structured on the definition of a general preferences rule - the decision rule.

This classification was improved in the application of the
proposed methodology (the method ZAPROS III modified).
The fact of having a decision rule formulated in the
preferences elicitation makes the method costliest, requiring
too much of the decision maker’s time, but its application is
justified in scenarios where the alternatives are not fixed or
predetermined.
Based on the results presented in table 3, we can conclude
that the PACOM method achieved the best result, presenting
no incomparable alternative at the end of its application,
followed by the proposed approach methodology and, finally,
by the ZAPROS III method.
The fact of the PACOM method obtained the most complete result to the questioned model does not imply that
it is indeed the best method, the definition of the most
adequate method will depend of the context. In such case,
the proposed approach methodology [26] presents a method
to problems having a considerable high number of incomparable alternatives, as the one shown in [22], presenting
promising computational results.
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Abstract – Investigation of the effects of inhaled anesthetics
on protein folding using an in vitro model is necessary for
understanding the molecular mechanism of anesthesia. The
literature holds many studies describing these effects with
very little detail on how the concentrations of agent are
determined. Mass spectroscopic methodology and results are
often not presented. Furthermore, limitations of access to
high quality mass spec analysis restrict its utilization. In
addition, the issues regarding the immiscibility of inhaled
anesthetics in aqueous solutions are largely avoided. In this
study we used a computational approach to determine the
aqueous concentrations of inhaled anesthetics when using an
in vitro system for studying the effects of anesthetics on
protein dynamics. This computational scheme was also used
to determine the theoretical concentration of inhaled
anesthetics in the blood under standard surgical practices.
Keywords: Inhaled anesthetics, protein structure,
tensiometer, minimum alveolar concentration, ideal gas law.

1

Introduction

Inhaled anesthetics have very curious effects on protein
structure [1-4]. In fact, the physiological response of
anesthesia are thought to largely occur upon interaction with
target neuronal proteins, in contrast to the earlier thought that
inhaled anesthetics have a general effect on the lipid bilayer
of neuronal membranes known as the Meyer-Overton
correlation. Human serum albumin (HSA) is a typical model
protein that is used in studying the effects of inhaled
anesthetics on protein folding dynamics. Several binding sites
of halothane and isoflurane to HSA are well-characterized [57]. We previously observed that the protein-protein
interaction between subunits of HSA is modulated by inhaled
anesthetics [8]. In addition, we showed that glyceraldehyde 3phosphate dehydrogenase (GAPDH) responds to inhaled
anesthetics [9, 10]. In vitro analyses of proteins incubated
with inhaled anesthetics (liquids since their boiling points are
above 45°C) yield useful information on protein structure and
function. For example, we previously showed that inhaled
anesthetics have effects on HSA that are dependent on protein
concentration. Inhaled anesthetics promote HSA dimerization.
Sevoflurane, specifically, increases dimer-dependent self-

quenching and decreases oligomer-dependent spectral shifting
of intrinsic fluorescence. We proposed a model of the effects
of inhaled anesthetics on HSA that is based on these in vitro
studies. The model suggests that a reciprocal exchange of
subdomains occurs forming an HSA dimer. At higher protein
concentrations, the working model suggests that there is an
open-ended exchange of the HSA subdomains thus
spontaneously forming oligomers [11]. Inhaled anesthetics
appear to inhibit HSA oligomerization [8]. The dimer model
is a reciprocal inter-subdomain conformation that must
rearrange to generate oligomers. Reciprocal exchange of
subdomains is a mechanism used by transcription factors [12]
and may be a common occurrence in protein assembly [13].
The reciprocal exchange of subdomains in HSA is affected by
inhaled anesthetics, as observed in an in vitro environment.
While the inquiring scientific community is desirous of
knowing the concentrations under which in vitro studies are
performed, the literature is virtually devoid of this
information and there’s a dearth of experimental guidance to
the researcher, largely due to the technical complications
associated with adding immiscible liquids together,
particularly when one (the anesthetic agent) is marginally
volatile in nature. The present study approaches this problem
computationally.

2

Materials and methods

Materials Isoflurane was obtained from Hospira, Inc. (Lake
Forest, IL; NDC 0074-3292-01; Lot # 70-517-DK; MW 184.5
g/mole; density 1.496 g/mL). Water was deionized using a
Millipore Milli Q system to reach 18.2 MΩ and passed
through a 0.2μm nylon filter (Millipore Millex-GN). All
cuvettes, syringes and vials were washed with methanol,
followed by rinsing with water and drying with a stream of
nitrogen gas.
Analysis of Samples A quartz fluorometry cuvette (Perkin
Elmer, #B0631120) was used for analysis with a polyethylene
cap. A Hamilton threaded plunger syringe (#1001TPLT) with
a blunt end needle (22-gauge; #C909, Biolin Scientific, Glen
Burnie, MD) was used to dispense isoflurane. A 25-gauge
needle was used to create a pilot hole in the cap to guide the
dispensing needle through the cap. Water (700μL) was added

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

to the cuvette. The cuvette and syringe were attached to a
tensiometer (Theta T200, Attension/Biolin Scientific) that was
calibrated immediately prior to the experiment. The tip of the
needle was submerged in the water. There was a defined
headspace (see below). The droplet of isoflurane, which has a
density greater than water, was generated, and images were
collected and processed using the software supplied by the
vendor. In some experiments, screw-capped Supelco
(Bellefonte, PA) 2 mL vials with polytetrafluoroethylene
(PTFE)/silicone septa (#27531) were used.
Computational Procedures. Computational steps required the
use of common laws of physics that have widely accepted
equations: PV = nRT and λ = log (concA/oncB), which
represent the ideal gas law and partition coefficient equation,
respectively.

533

Then, using these fractional coefficients, we determined the
volume of water vapor and that of isoflurane gas in the air
compartment by equations (3) and (4).
gVw = Fw/(Fw+Fi) x 2%

(3)

gVi = Fi/(Fw+Fi) x 2%

(4)

[where gVw, volume of water vapor; gVi, volume of
isoflurane gas]
Then, we calculated the partial pressure of isoflurane in the
air compartment using equation (5).
ppI = gVi x 760mmHg {1 atm}

(5)

[where ppI, partial pressure of isoflurane]
Statistics. Linear regression analyses (one-tailed) were done
with Pearson r values using a more tolerant confidence level
of 90%.

3

Results

We initiated our computation scheme by establishing
some known conditions, that 1 atm = 760 mmHg and that the
vapor pressures of water and isoflurane are 18 and 238 mmHg
(at 20°C), respectively. We know that standard dry air
consists of 78% N2, 21% O2 and 1% argon. The amount of
water under ambient conditions depends on humidity levels,
which approximates 2% (Lenntech.com). Interestingly, the
minimum alveolar concentration (or MAC) of isoflurane that
brings about 50% immobility is 1.15%. The MAC is the
typical parameter monitored during surgical anesthesia. The
partial pressure of water vapor, which we assume is 2% (at
ambient humid conditions), is determined by multiplying 2%
by 1 atm (760 mmHg) or 15.2 mmHg. Hence, the partial
pressure of isoflurane under conditions of 1 MAC = 0.0115 x
760mmHg = 8.74mmHg. The central contention is that
isoflurane in air cannot exceed 2% volume and will share this
volume with water vapor (at 20°C). At 37°C and 100%
relative humidity, the percent of water vapor rises to 4.5%,
which is the compartment that would have to be shared with
isoflurane, representing the conditions of the lung.
We first determined the fractional coefficient for water
and for isoflurane, using the relationship shown by equations
(1) and (2).
Fw = (Pw/(Pw+Pi)) ⋅ (lVw/(lVw +lVi))

(1)

Fi = (Pi/(Pw + Pi)) ⋅ (lVi /(lVw + lVi))

(2)

[where Pw, vapor pressure (water); Pi, vapor pressure
(isoflurane); lVw, volume (water); lVi, volume (isoflurane);
Fw, fractional coefficient (water); Fi, fractional coefficient
(isoflurane)]

Next, using the ideal gas law, PV = nRT, where P is ppI, V is
volume of air compartment, T is temperature in kelvins, R is
the gas constant (62.363 L ⋅ mmHg ⋅ °K-1 ⋅ mol-1), we
determined the number of moles (n(g)) of isoflurane in the gas
compartment.
n(g) = (ppI) ⋅ hsV/RT

(6)

[where hsV, volume of the air compartment or headspace]
Next, using the partition coefficient (water/gas) for isoflurane,
which is 0.544 [14], we calculated the amount of moles of
isoflurane in the water compartment by equation (7)
Likewise, amount of moles of isoflurane in blood
compartment was determined by equation (8) using the
partition coefficient (blood/gas) for isoflurane, which is 1.4.
λw = log [(n(w))/(n(g))]

(7)

λb = log [(n(b))/(n(g))]

(8)

[where λw and λb, partition coefficients of isoflurane for
water/gas and blood/gas; n(w), nmoles of isoflurane in water;
n(g), nmoles of isoflurane in air]
Lastly, in order to determine the concentrations of isoflurane
in the water or blood, the number of nmoles of isoflurane was
divided by the volume in liters of the respective compartments
and adjusted to mM as indicated in (9) and (10).
C(w) = (n(w) / lVw) ⋅ 10-6

(9)

C(b) = (n(b) / lVb) ⋅ 10-6

(10)

[where C(w), concentration of isoflurane in the water; C(b),
concentrations of isoflurane in the water or blood]
Given an in vitro condition where a bolus of isoflurane (10

534

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

μL) was added to a hypothetical aqueous solution (1 mL) in a
closed vial that has a headspace of 0.5mL, we determined the
concentration of isoflurane in the water (Table 1) utilizing the
scheme outlined above.

Table 1: Determination of isoflurane
concentration in an aqueous in vitro solution
Pw

18

Pi

238

lVw, mL

1

lVi, mL

0.01

Fw

0.06962

Fi

0.00920

gVw

1.76644

gVi

0.23356

ppI

1.77507

hsV, L

0.0005

T, kelvins

293.15

n(g), nmoles

48.5478

anti-log(λw)

3.4995

n(w), nmoles

169.8906

C(w), mM

0.17

In order to test this theoretical calculation, we designed
experiments in which we generated droplets of isoflurane in
water and determined the loss in volume. In these experiments
we used droplets from 3 to 8 μL in volume. We monitored the
decrease in size and volume of the droplet. From our scheme
we were able to further calculate the theoretical loss in
volume under these ideal conditions.
We experienced several technical issues which made it
very difficult to assess the movement of isoflurane from the
submerged hanging droplet to the air and water
compartments. Among these issues included condensation of
water and/or isoflurane at the inner walls of the cuvette or
vial. Additionally, partitioning of the isoflurane in the
polyethylene cap (the partition coefficient, λ, is approximately
2) may have contributed to the results. The vessel may not
have been completely sealed under these conditions, resulting
in leakage of isoflurane gas. We observed that the volume of
the droplet continued to decrease well beyond the expected
value (data not shown). The rate of volume loss, however,
exhibited a multiphasic response. During the early time
periods following the generation of the droplet, a decrease in
the rate of volume loss was evident. We chose this area to
focus on in determining the volume loss due to air-water
equilibration. We collected images of isoflurane droplets (as
shown in Figure 1) over time. Using the data from the time

points over which a deceleration of volume loss was
observed, we were able to determine an extrapolated endpoint
that we think represents the equilibrium of isoflurane across
the air-water compartments. In nearly all experiments, this
period of volume loss deceleration occurred. The time range
that we used to evaluate percent loss of droplet volume
occurred over the first 15 seconds of image collection from
the time the droplet was generated. From the data of droplet
volume over time, we converted the curves to linear double
reciprocal plots to obtain the asymptotic endpoints which are
numerically equivalent to the y-intercept. The rate change in
this area appeared hyperbolic justifying the use of double
reciprocal plots. The endpoint volume values enabled us to
calculate percent volume loss and the data are shown in Table
2. The theoretical values shown in Table 2 were determined
using the scheme presented earlier including volumes
particular to each of the experiments.

Table 2: Comparison of the observed and theoretical loss
of the percent volume of the isoflurane droplet
Percent Loss
Experiments
Observed
Theoretical
1
0.02%
2
3.60%
Cuvette
1.49% to 1.62%
3
1.57%
Mean
±SD
1.7% ±1.80
1
0.99%
2
3.05%
Vial
0.97% to 1.06%
Mean
±SD
2.0% ±1.46

Figure 1: Image of an isoflurane droplet suspended in
water. A droplet of isoflurane (7.6 μL) was generated
using an air-tight syringe as described in Methods. A
Young/Laplace algorithm was used to determine
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volume.
The concentration of isoflurane in blood was also
determined using the scheme presented in this paper,
considering a female lung volume of 4.7 L and an isoflurane
MAC of 1.15% (Table 3). Note that several of the previously
used calculations were unnecessary as the gVi is equalivalent
to the MAC.

Table 3: Calculation of isoflurane concentration
in blood using our scheme
gVi = (1 MAC)

1.15

ppI

8.74

Lung volume, L

4.7

T, kelvins

310.15

n(g), nmoles

2123784.78

anti-log(λb)

25.119

n(b), nmoles

53347350.13

C(b), mM

11.35

The number of nmoles in Table 3 was divided by the
total volume of blood, which is estimated at 4.7 L. The female
lung capacity given in Table 3 represents the capacity at the
end of maximal inspiration. If this value were to be replaced
with the tidal volume, which is the volume of air that is
normally breathed, then the C(b), or concentration of
isoflurane in blood, calculates to 1.21 mM. A literature search
for an actual measurement yielded a single study [15] that
presents isoflurane in a bathing solution that mimics blood as
0.36 mM, which was less than that determined using the tidal
volume and significantly less than that at maximal inspiration.

4

Discussion

Issues regarding concentrations of inhaled anesthetics in
incubated samples (in vitro) relative to surgical anesthesia (in
vivo) are largely avoided in the literature. We present a
scheme for determining the concentrations of inhaled
anesthetics in aqueous solutions of in vitro reaction samples.
In performing studies using inhaled anesthetics, the added
bolus of agent, which is immiscible in water, falls to the
bottom of the vessel. Calculations of concentrations based on
the assumption that the total added volume is completely
dissolved are inappropriate. Depending on the volume of
agent added, the bolus remains undissolved and present
throughout the experiment. It would be of great benefit to the
researcher to know how much of the agent is in the aqueous
compartment.
Typically, in studies on the effects of inhaled anesthetics
on proteins, a bolus of agent is added to the aqueous solution,
incubated and then tested for several endpoints. From our
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experience, if the bolus is quite small (less than 10 μL) and
the application of this bolus is not performed adequately, then
the agent will layer on the surface of the solution, potentially
volatilizing before having a chance to form a separate bolus at
the bottom of the vessel. If agent was added in this manner
during the time the vessel was open, then due to the volatile
nature of the agent, the result would be rapid loss of agent.
Ideally, the researcher administers the agent as a bolus that
remains as a separate phase on the vessel’s bottom, followed
by immediate resealing of the vessel. The vessel would be
mixed and the bolus would remain present, although the
single bolus may fragment into multiple small spherical or
elliptical droplets. Or the agent may even condense on the
vessel walls. The amount of unseen agent that is dissolved in
the aqueous phase which contains target protein is the desired
value, which we propose is dependent on the physical
properties of the agent. We developed a scheme to determine
this value, as seen in Table 1 given an in vitro condition
where a bolus of isoflurane (10 μL) was added to a
hypothetical aqueous solution (1 mL) in a closed vial that has
a headspace of 0.5mL. The resulting concentration in the
aqueous phase is calculated to be 0.34 mM (Table 1). We
attempted to experimentally verify these calculations and
discovered many technical issues arising during the
experimental design and protocol. Nevertheless, by
maintaining a narrow set of parameters we observed values
that were in line with those theoretically calculated (Table 2).
Interestingly, when these calculations are applied to the
human patient under surgical anesthesia, we calculate values
somewhat higher than those seen in the existing literature
(Table 3), particularly if the inspiration volume increases
beyond the normal breathing volumes.

5

Conclusion

We developed a computational approach that allows one
to determine the aqueous concentrations of inhaled
anesthetics when using an in vitro system for studying the
effects of anesthetics on protein structure and function. The
test-tube approach to investigating the effects of inhaled
anesthetics on protein folding or aggregation is necessary for
understanding the molecular mechanisms of anesthesia as
well as unintended side effects. The present study provides an
alternate approach to mass spectroscopy or gas
chromatography methods which may be limited. The herein
described calculations provide a means for overcoming this
technical limitation. Therefore, in a closed system where the
volumes of the air and the water compartments are known, the
concentrations of inhaled anesthetics may be computationally
derived given the volume of the bolus of agent added using
our method.

6
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Abstract - Body Area Network (BAN) is a sensor
network technology for monitoring and logging
vital signs of a person. This paper describes the
development of a truly mobile embedded BAN
system for real-time health care monitoring. Vital
signs, like cardiac frequency, blood pressure,
temperature and oximetry, are captured, filtered
and processed by a noninvasive device, which
formats a VS (Vital Sign) packet. The VS packet is
sent via an embedded device to a web server,
which makes the monitoring data available to
Internet users. The key contribution is that the
system is able to monitor patients anywhere,
anytime, as long as a GSM/GPRS connection is
available. Since the data travels through the
Internet, there is the need of applying data
security. The construction of a prototype capable
of capturing cardiac frequency and blood pressure
is presented. To demonstrate the feasibility and
performance of the prototype, practical
experiments are performed.
Keywords: Real-time monitoring, Health Care
Monitoring, BAN, GSM, GPRS.

1

Introduction

BAN (Body Area Network) is a type of network
composed of an array of sensors around the body
(established in clothes, under the skin and others)
that monitor the physical condition of a person
and transmit the information gathered to a storage
server.
The basic infrastructure of BAN is a set of mobile
and compact units, which enable the transfer of
vital parameters between the patient’s location

and the clinic or the doctor in charge. The vital
signs dataflow passes a chain of BAN modules
from each sensor to a main body station, which
consolidates the data streams of all sensor
modules attached. It then transmits the data to a
server, which can further analyze the data and
alarm the doctors if necessary.
Based on this technology, this paper describes the
development of a mobile embedded BAN system
for real-time health care monitoring. Vital signs
are captured, filtered and processed by a
noninvasive embedded device, which formats a
VS (Vital Sign) packet. The VS packet is sent to
a web server, which releases the monitoring data
to Internet users. The key contribution is that the
system is able to monitor patients anywhere,
anytime, as long as a GSM/GPRS connection is
available. Since the data travels through the
Internet, cryptographic operations are necessary.
Another key point is that the system works in an
autonomous fashion, i.e., there is no need to
actually have a medical staff supervising the data
at any time. If any vital parameter is outside a
threshold, the system alerts the medical staff
sending audiovisual alarms to computer clients
and SMS (Short Messages Service) to mobile
devices.
The rest of this paper is described as follows,
section 2 presents some of the related work,
section 3 brings the methods used to build up the
embedded system, section 4 shows some of the
practical experiments that demonstrate feasibility
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and performance of the solution and, finally,
section 5 concludes the work.

2

Related Work

This section presents some of the related work.
They deal with different ways to bring together
biomedical engineering and computer networks.
The goal in common is to perform personal health
care monitoring.
In [1] the authors propose an inexpensive
framework for real-time remote health care
monitoring. The framework comprises a High
Precision Medical device, a small piece of
hardware, known as the Patient’s Portable
Module, first described in [2], a Main Portable
Module; and finally, a Web Server to make the
information available. The key contribution is the
possibility to send the monitoring data over the
Internet allowing real-time remote monitoring.
However, the system is not mobile, the major
contribution of the work presented in this paper.
In [1], a residential Internet connection is
employed and the patient cannot leave his/her
residential area, otherwise the connection is lost
and the monitoring is finalized.
In [3] the authors present a platform designed for
health care monitoring applications. They use
general characteristics of medical monitoring
applications and physical movement monitoring
as the pilot application. Furthermore, they
elaborate several design techniques that can be
tightly coupled with real-time signal processing,
and may enhance the system performance.
Finally, they present preliminary results on the
movement
monitoring
application
and
demonstrate feasibility of the proposed
techniques.
The author of [4] proposes an implementation of
a personal sensor network for health care
monitoring. It comprises several smart sensor
nodes and a control node organized into a
Bluetooth piconet. Remote users can access the
network, query and control sensors via GPRS
network using methods provided by the control
node. Although the idea is significant, the project

lacks security mechanisms when transmitting
data over the GPRS network. Furthermore, the
system is not autonomous and a monitoring staff
is necessary to verify the vital parameters.
In [5], a sensor network is built-in and a wireless
interface is used for monitoring patients.
Captured data is wirelessly transmitted to a
computer and further analyzed by professionals.
The goal is to capture and transmit information
about only one patient. Our work differs from this
since it is able to perform remote monitoring of
several patients simultaneously and analyze the
data by itself, alarming the medical staff if
necessary.
In [6], a wireless distributed data acquisition
system for prolonged patient monitoring is
presented. It is based on mobile client devices
and gateways that communicate using a 900MHz
wireless link. The mobile gateway, implemented
on a PDA (Personal Digital Assistant), is
responsible for collecting data from sensors
during periodical visits. Again the disadvantage
here is the lack of means to remotely capture vital
signs.
The majority of the related work, unfortunately,
lacks the capability of performing real-time truly
mobile
remote
monitoring,
performing
autonomous decisions and offering security
mechanisms, the key contributions of this paper.

3

Specification

The objective of this project is to propose a
solution that joins different computer network
technologies to truly monitor patients remotely, at
any time, wherever they are, as long as
GSM/GPRS technologies are available. The Body
Area Network is composed by two units, the
Capturing Unit and the Mobile Processing Unit.
These are able to capture vital parameters and to
transmit the data to a Web Server.
The Capturing Unit (CU) uses a chain of sensors
to capture the patient vital parameters. These
parameters are then wirelessly transmitted to the
Mobile Processing Unit (MPU). Upon receiving
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data, the MPU packages, encrypts and sends it
through the Internet to a Web Server, using
GSM/GPRS technologies. Finally, the Web
Server releases the monitoring data so that the
medical staff can remotely supervise, if they
wish.
It is important to mention that the system is
autonomous; there is no need to actually have the
medical staff supervising the data at any time. If
any vital parameter is outside a threshold,
previously configured by a doctor, the system
alerts the medical staff sending audiovisual
alarms to computer clients and SMS to mobile
devices. Both, the computer clients and the
mobile devices, needs to be pre-registered in the
system. Figure 1 depicts an overview of the entire
process.
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blood pressure monitoring. The brace behaves as
a low power consumption device, having an
internal sealed battery of 1,5V/500uAh.
For purpose of testing the vital parameters
captured by the built prototype are only the
heartbeat frequency and blood pressure values.
The brace monitors the cardiac activity using two
electrodes, positioned at the patient’s internal
side. Each heartbeat produces an electrical signal
captured by the electrodes. The blood pressure is
obtained over the maximum amplitude and the
cardiac frequency is the time between two
consecutives beats [7].
The internal brace circuit produces an RF burst of
5KHz for every beat. The burst duration time is
equal to the blood pressure from the patient
monitored. While low pressure produces bursts of
the same amplitude but low duration, high
pressure produces bursts of the same amplitude
but high duration. A burst of 5KHz is showed on
Figure 2.

Figure 1 – Project overview.
Figure 2 – Burst for a heartbeat.
Since monitored patients might be anywhere and
still have their vital signs remotely monitored, the
system achieves its primary objective offering
anywhere, anytime, true mobile remote monitor.
Furthermore, the system also offers a more
comfortable way to treat patients, or in this case,
to monitor patients, since he/she does not need to
be interned in the hospital for hours or days, and
in this case, there is also the advantage of
avoiding high hospital expenses.
3.1

An LC tank circuit tuned to the frequency of 5kHz
is used to capture the brace signal. The tank
circuit injects this signal into a gain and filtering
circuit. A trigger level is used to obtain the blood
pressure. The information then goes to a controller
that packs the signal to make it readable by the
MPU. Figure 3 depicts a block diagram of the CU.

Capturing Unit – CU

The CU is composed by a chain of sensors in a
brace based on the one first presented on [2]. The
brace may be fixed in any place of the body,
preferentially in the members, allowing also

Figure 3 – CU block diagram.
The controller monitors power consumption and
the RF transceiver. The main tasks of the
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controller are monitoring the cardiac brace signal,
decoding pressure and frequency from the signal,
configuring the RF transceiver and controlling
communication with the MPU, using a specific
protocol. The controller block also turns on and
off the RF transceiver, increasing battery
autonomy. A commercial RF transceiver [8] is
used in this module.
3.2 Mobile Processing Unit – MPU
This component is responsible for receiving the
patient's heart rate and blood pressure parameters,
packing and encrypting a Vital Sign (VS) packet.
The AES encryption algorithm is used. To
identify which encryption key the Web Server
needs to use, the MPU sends its serial number
when establishing connection, employing a
technique similar to the one used in [1]. After the
encryption, the MPU finally uses the GSM/GPRS
module to send the information to the Web Server.
The signal processing digital circuit and
procedures for serial communication with the
GSM modem are based on a PIC microcontroller,
family model PIC18F452. A firmware to manage
the microcontroller was developed using ANSI C.
The firmware is recorded in the microcontroller
and it is executed automatically whenever the
device is started. The circuit developed for the
PIC operates at a frequency of 20MHz, and feeds
at standard TTL of 5V. The PIC receives the heart
rate and blood pressure values based on the ratio
of input pulses in a given time.
The data is then formatted into a VS packet and
encrypted to go to the Web Server. The sending
procedure is assigned to the embedded GSM
modem. The PIC microcontroller communicates
with the GSM modem by standard serial RS-232.
The PIC sets the modem initialization parameters,
starts the setup codes, communicates with the
server to establish a TCP connection, and finally
sends the encrypted VS packet using GPRS.
The communication module adopted in this
project was developed completely separated from
the MPU, aiming at the possibility of connecting

any device with a standard RS232, providing
greater flexibility in using this product. The
solution is embedded; however, there is the
possibility to disconnect the embedded GSM
modem and use a regular cell phone with Internet
access, for example.
The GSM modem employed is a model SIM340
[9], pictured in Figure 4, used widely in the
market with a lot of material available for
development. The circuit designed to use this
modem has two SIM card entries, enabling a
greater guarantee of data delivery, diversifying the
wireless operator chosen. Figure 4 also shows the
diagram of the SIM340. Note that the functional
diagram shows that the modem offers besides the
interfaces used in this project, normal functions of
a cell phone as audio, LCD and interface with
flash memory. These features can be of great use
for future project updates.

Figure 4 - SIM340 modem and
SIM340 Functional diagram.
The GSM modem is a quad-band modem,
accepting SIM cards of any wireless operator.
Figure 6 shows the Modem-SIM card interface.
Note that the SIM card also offers a presence port
(port eight) to inform the GSM modem the
presence or not of a connected card.
Figure 7 depicts the SIM340-RS232 interface.
Note that besides the RS232 normal
communication, in which only two pins are
employed for communication (RXD and TXD),
the modem also offers a serial configuration in
which all communication pins (DCD, TXT, CTS,
RI, RXD, DTR and RTS) can be used. In this
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project, only the pins RXD, TXD and ground
were necessary.

Figure 6 – SIM340-SIM card interface.
Figure 8 – Monitoring website.

4

Figure 7 – SIM340-RS232 interface.
To feed the embedded system, four lithium
batteries in series providing 3.3V, with a
maximum charge of 12Ah, for a total of 13.2V of
maximum tension, were employed.
3.3

The Web Server

The Web Server contains a Java software
responsible for receiving cryptographic messages
from the MPU. The messages are decrypted and
further analyzed to check the VS packet. The
checking is performed to verify if there is any
vital parameter outside its threshold. If this is the
case, an SMS and an audiovisual alert are sent to
the medical staff.
Currently, all the information is available in a
secure website, which can be accessed through
the Internet using a Desktop PC, a laptop or a
mobile device. The final result, i.e., the way the
information is available, is shown in Figure 8,
which depicts a sample of the website.

Experimental Results

This section presents some of the more relevant
experimental results. The results show the total
time to update the website information while
increasing the number of system users. The
maximum distance, due to noise interference,
between the CU and the MPU are also presented.
4.1 Performance
The objective in this experiment is to calculate the
time to update the website information while
increasing the system users.
The experiment scenario is depicted in Figure 9.
The Web Server is an Intel Core 2 Duo of
2.0GHz, 4 GB of RAM, Windows 7 and an ADSL
Internet connection of 1Mbps. The embedded
system uses the SIM340 in the MPU to connect to
the Internet. The connection established uses
GPRS with bandwidth of 256Kbps.
The first experiment measures the time to capture
the vital parameters by the CU, format and
encrypt the VS packet by the MPU. This time is of
critical importance since it requires cryptographic
operations to be performed by a costly effective
microcontroller. Fifty measurements were
performed and the results are depicted in Figure
10.
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number of simultaneous users grow. For instance,
it takes 1.4 seconds to receive all VS packets
when there are 32 simultaneous users.

Figure 9 – Experiment scenario.

Figure 10 –MPU performing its tasks.
Note that 50 packets were used to perform this test
and the average resulted in less than 15ms. This is
an excellent result, especially considering that the
microcontroller used, the PIC18F452 is a low
performance uC. It is also important to mention
that of the 15ms necessary, the encryption took
around 10ms.
After performing its tasks, the MPU sends the
information to the Web Server, through the
Internet, using the GSM/GPRS modem. Fifty
measurements were performed for each case, from
1 up to 32 simultaneous users; the results,
minimum, average and maximum times, in
milliseconds, are depicted in Table 1.
Table 1 – Time to receive the VS packets.
Users Minimum Average
Maximum
41
47
53
1
75
84
92
2
145
159
169
4
300
316
342
8
638
653
669
16
1356
1423
1489
32
Note that it takes only 47 milliseconds to receive
the encrypted VS packet in the Web Server when
there is one user. As expected the time to
completely receive VS packets increases when the

However, the time to receive encrypted VS
packets by the Web Server is not all. There is the
need to account for the time to decrypt the VS
packet and update the database and website
information. Table 2 shows the total time, in
milliseconds, to update the website, it accounts the
time for the MPU to perform its operations and
the time for the Web Server to receive an
encrypted VS packet, decrypt it and update the
database and website.
Table 2 – Total time to capture a vital parameter
up to update the website.
Users Minimum Average
Maximum
141
158
172
1
217
235
256
2
359
390
417
4
681
707
735
8
1258
1363
1458
16
2614
2768
2882
32
Note that the average time to update the website,
since the moment when a vital parameter is
captured, for 1 user is 158 milliseconds and 2.7
seconds when there are 32 simultaneous users.
The authors consider the total time satisfactory.
However, this can be improved even more if a
more powerful microcontroller is employed and if
a 3G modem is used in the MPU. For a greater
number of users the authors indicate the use of
clusters, i.e., grouping 32 or a maximum of 64
simultaneous users per Web Server.
4.2 Noise Interference
Since the MPU receives frequencies in the range
of 5KHz from the CU, it can mix values by
interpreting any sign nearby that operates at that
frequency. For instance, suppose there are two or
more users at the same residence, signs from one
CU can be captured by the MPU of another user.
The ideal distance that the CU and the MPU, of
the same patient, must be is at most 10
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centimeters. Moreover, if two individuals, in the
same residence, are using the system they must
remain a minimum of 13 centimeters apart. If this
limit is not respected, there will be noise
interference from one system to another and one
of the following will happen:
• The system does not send information to the
Web Server or
• The system calculates an erroneous vital sign
value.
Figure 11 shows the distance that a pair of CUMPU of the same person needs to be placed and
the minimum distance that two individuals using
the system must be apart.
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Experiments to demonstrate the total time to
update the website information and the maximum
distance between the CU and the MPU were
performed. The results showed that the time to
update the website, since a vital parameter is
captured up to the database and website update,
increase as the number of simultaneous users
grow. For instance, it takes 158 milliseconds to
update the website when there is only 1 user and
2.7 seconds when there are 32 simultaneous users.
The authors indicate the use of clusters, grouping
32 or a maximum of 64 simultaneous users per
Web Server, to improve performance when the
number of users grows exponentially.
Results also showed that the ideal distance
between units of an individual is of 10 centimeters
and if two individuals are using the system they
must remain a minimum of 13 centimeters apart.

Figure 11 – Units distance.

5

Conclusion

This paper presented the development of a truly
mobile embedded BAN system for real-time
health care monitoring. Vital parameters are
captured by the Capturing Unit (CU) and filtered
and processed by a noninvasive unit called the
Mobile Processing Unit (MPU). This unit formats
a VS (Vital Sign) packet. The encrypted VS
packet is sent via an embedded GSM/GPRS
modem to a Web Server, which releases the
monitoring data to Internet users. The key
contribution is that the system is able to monitor
patients anywhere, anytime, as long as a
GSM/GPRS connection is available.
Another key contribution is that the system works
in an autonomous fashion, i.e., there is no need to
actually have a medical staff supervising the data
at any time. If any vital parameter is outside a
threshold, the system alerts the medical staff
sending audiovisual alarms to computer clients
and SMS to mobile devices.

Future work includes the study to update the
system in order to perform remote ECG
(Electrocardiogram) and to locate the current
patient position if a cardiac or blood pressure
related problem occurs.
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Abstract
The new public health systems must lead to the use of a more
progressive technologic approach to manage information for
the diabetic population, comprising the life style and social
conditions of patients. It should also ensure the fair use of the
technological means for the entire population. At the same
time, it must facilitate the recognition for the need to mobilize
medical, pharmacological and technological resources for the
patient.
The holistic, interactive and persuasive model to facilitate the
self-care of patients with diabetes is an innovative proposal in
e-health designed to guide, encourage, and facilitate the
diabetic patient self-care. The model offers services that
maintain, monitor, and protect the health of patients with
diabetes supporting healthy life styles and creating
collaborative environments that support health.
Keywords
Holistic, Self-care, Interaction, Persuasive, Diabetes, Equity.

I.

Introduction

Equity in health means that the needs of people guide the
distribution of opportunities for welfare [1]. This means that
all persons enjoy equal opportunities to develop and maintain
their health through fair access to health resources
[2] . Equity in health is not the same as equality in health [3] .
Inequalities in health between individuals and populations are
inevitable consequences of genetic differences, different
social and economic conditions or a personal choices of
lifestyle [3], [4].

The lack of equity takes place as a result of differences in
opportunities resulting from, unequal access to health, to
adequate housing, food, a quality education, among other
things. In such cases, inequalities in health status arise as a
result of the lack of equity opportunities in life [3].
There are two situations which lead us to develop the Holistic,
Interactive and Persuasive model to facilitate self care of
patients with diabetes (hiPAPD), the first one is the little
chance the diabetic patients have to improve their quality of
life through public health systems, and the second, the fact
that health teams members have not been trained in the
concepts of self-care education and health care to patients.
There are many ways to define self-care, one of them refers to
the activity done by a person and contributing to your own
health. Thus, you can include all activities that diabetic
patients do to stay healthy, such as eating well, exercise, not
smoking, no alcohol, managing stress, maintain a weight in a
healthy range, manage their finances and the use of good
communication practices, of among others.
The Holistic, Interactive and Persuasive model to facilitate
self care of patients with diabetes (hiPAPD) is an environment
of open software that meets the needs of diabetic patients,
providing digital resources for the care of eyes, feet, skin,
teeth, diet and exercise. The model integrates medical selfcare tools, hardware and software that allow you to
transparently receive medical records of patients such as: body
mass index, blood glucose index, blood pressure, cholesterol
index, creatinine, doses of drugs (insulin and others medical
drugs) among other important information.
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The hiPAPD model facilitates the medical monitoring and the
follow up of patients in conjunction with the medical teams
which in many cases must make decisions for the benefit of
patients with diabetes who live in rural communities.
Section II of this paper analyzes the need of information for
patients in Latin America and the Caribbean. Section III,
presents the components of the hiPAPD model. In the Section
IV explains the features and advantage of the diabetes patient
self-care hiPAPD model. Finally, conclusions and future work
of the hiPAPD model are presented.

II.
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have been conjugated. These contexts interact jointly and
systematized to educate, guide, facilitate and support the
management of self-care of the patient with diabetes. The
model is described through seven adjacent layers, as seen in
figure 1.

The citizen demands more information
and new ICT model for health in Latin
America and the Caribbean

The increasing of life expectancy, low education of diabetic
patients, along with a poor awareness of care within the
family of the diabetic patient, associated with the high costs of
treatments for diabetes, lead to the development of the
hiPAPD model. The slow awakening in participating of
society in diabetes care is conducive to increasingly disregard
a disease that triggers multiple side conditions such as
cardiovascular and renal deficiencies among others. The
integration of ICT services to monitor and improve health in
the population of Latin America and the Caribbean presents a
gap compared to global trends in e-health, where the Internet
is an additional channel when it comes to searching for
information on products or services to purchase. Citizens
demand more information and new ICT applications for health
care, for diabetic patients as well as other patients. The use of
ICT in e-health is demanding information that is increasingly
complex and comprehensive over time, requiring new and
different approaches to gather, analyze and optimize it.
Modern health systems are beginning to see all patients as a
service in the framework of modern societies. That’s why
"client-patient" demands care similar to that given by any
other service and requires new means to channel the
relationship with the health system managers.
These new means are primarily the phone and the computer
(very common for requests for quotes, consultations of certain
diagnostic tests, etc.) and the Internet, which has been
spreading as a means of access to information in recent years.
The mobile phone has also started to be used in numerous
applications, such as a postoperative control system or as a
reminder of appointments via SMS. On the other hand,
applications such as telemedicine or positioning systems and
wireless technologies also facilitate this relationship.

Fig.1. hiPAPD Model for Patient with Diabetes

The most external layer of the hiPAPD comprises the society,
which occupies an important position for the establishment of
collaboration, education, and prevention of diabetes. Social
support groups for diabetics constitute a powerful and
constructive form to allow people to help themselves as well
as to help others. The use of group intervention in the diabetic
patient is highlighted in educational programs.
The layer composed by the Sanitary Personnel (Nurses and
Nursing Assistant), manages, supports and follows up the
diabetic patients, considering the essential medical services to
guarantee their care. The following layer, composed of the c
Medical Personnel will offer medical services for the
prioritized attention and the diagnosis of diabetic condition,
including the follow-up and the evolution of the chronic
suffering of diabetes in the patient. The Friends of the Patient
layer has the goal of offering external support (patient’s
relatives).

III. Holistic, interactive and
persuasive In this context, the conformation of support groups for the
model to facilitate the self-care of patients diabetic patient should be possible, with purpose of offering
with diabetes (hiPAPD)
education and motivation in the patient. The conformation of
In the hiPAPD model, patients, relatives, friends, doctors,
sanitary personnel (Nurses and Nursing Assistant) and society

groups with the same medical or similar condition favours
social support, recognition and knowledge of new experiences
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of the diabetic patient, enriching the common support and
motivation among patients.
The layer nearest to the patient is the context relative to the
Patient. The diabetic condition of a family member requires
amendments and subsequent rehabilitation of the family
system, more or less deep, depending on the type of diabetes
that the family member is suffering. Depending on the
conceptions of family health, disease and resources available
to deal with it, family disruption occurs secondary to the
impact of the diagnosis. The degree of disorganization
depends on two variables: the type of disease that includes
characteristics such as pain, incapacity, treatment, evolution
and beliefs (social and family). In addition the family
dynamics is based on the degree of cohesion, and the capacity
of permeability of the family. Therefore, it is vital to offer
support and resources to the patient and families, as well as to
the Sanitary, Medical and technological personnel to facilitate
the adequate direction and guides to accompany the family in
this long adaptation and acceptance process.
The layer context of the Patient looks to persuade and to
motivate the self-care of the patient. It also has the goal of
guiding, instructing and educating the patient. It gives the
patient new technologies to facilitate his day to day. At this
point, the patient is offered medical noninvasive medical
equipments, which implies, that he will be able to use diverse
devices without support of third users, being able to be
managed by the patient himself (Self-care), as is the case of
the digitals and wireless devices like Glucometer (Sugar
tester), Weight scale, Pedometer, Blood pressure measurer and
Tablet PC.
All these technologies are easily usable by the relatives,
family and friends of the Patient, sanitary personnel and
society. To obtain an effective synchronization of the layers,
the hiPAPD model is based on Persuasive Technology, which
emphasizes on the capacity of the computers and software
services to persuade the people to its use, looking forward to
achieve a change in attitude, of vision of the world and
motivation [5], [6]. For Professor B.J. Fogg [5] computation is
an interactive technological tool that changes the attitudes of
many persons and their behavior. These aspects has been
proposed as the nucleus of the model of Emotional Design [7].
The framework of Emotional Design sustains the recognition
of the most complex characteristics of the brain structures of
human beings, and is a design approach centered in the users
that offers interfaces of high quality and usability to facilitate
the interaction of the software services and the devices within
the contexts of the diabetic patient.
The studies of emotion by Norman [8], [9] have suggested
that the human attributes of emotion are derived from three
different levels of the brain: the automatic layer of systems of
certain genetically determined dispositions, that we
denominate visceral level; the part that contains the brain
processes that control daily behavior, denominated

conductible level, and the contemplative part of the brain or
reflective level. In each level a different role takes place in the
total operation of the human being. The three levels partly
reflect the biological origins of the brain, beginning by the
primitive unicellular organisms and evolving slowly in the
more complex animal sense, towards the vertebrates, the
mammals and, finally, the apes and the humans. In the case of
the simple animals, life is a constant set of threats and
opportunities, and an animal must learn the way to react
adequately one way and others. The basic cerebral
predispositions, therefore, are in fact mechanisms of answers
that analyze a situation and react.
To complete the relation models conducted explicitly by input
and output generated by patients and his environment, those
are managed by systematizing the graphical interfaces that
hide the processes and action taken by patient’s activities. In
order to complete the model, this is linked with implicit
interactive relations, such as input as output within the
environment of AmI’s devices. Before an entry is stored by
extracting data implied that subsequently generate a mainstay
information on the medical diagnosis of patients with diabetes
(glycemia, blood pressure, body mass index and others
services), meanwhile rest of the implicit output, the automatic
process of medical protocols and health services allow the
implicit connection close, see figures 2,3,4,5.

Fig.2. The Taidoc. Device, Blood Pressure monitor and glucometer
(embedded device: two in one).

Fig. 3-4. Taidoc Devices, Glucometer (embedded device: two in one) and
Tablet PC for the automatic Self-care.
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IV. Features and advantage of the diabetes
patient self-care model hiPAPD
In this section, aspects related to the devices used and the
features that facilitate their integration into the model are
presented..
These features are divided into third phases or activities that
are developed by the contexts around diabetic patients. In the
first operational phase, services are provided through medical
devices and through the system developed for patients with
diabetes type one or two. These services are:

Fig 5. Tool Software of web services for the Self-Care as BMI and other
services www.cuidandotudiabetes.org.

In the same way the patient´s doctor will maintain a space of
ubiquitous management acceding to the information of the
patient. On the other hand, relatives and sanitary personnel
will have access to the information that the doctor offers, on
the scheduled inspection of the patient, all this from a space
reserved for such intention. The friends of the patient (friends,
other patients with diabetes), will have, within the
surroundings of the system, forum services, conversation on
line, access to social networks and virtual communities, whose
objective is the prevention and self-care of diabetes.
This proposal aims to integrate the hiPAPD model with the
health system of the Republic of Panama in order to facilitate
self-care of diabetic patients and simultaneously adapt the
model to other chronic diseases. For this reason, a pilot test
plan was developed. It had duration of 18 months and its
purpose was to validate the model depicted above. Also, a
project was submitted to the National Secretary of Science,
Technology and Innovation (SENACYT) of Panama with the
objective of managing the ICT Health platform in order to
integrate the hiPAPD model to other chronic diseases. Until
now, 24 tests have been implemented to 107 diabetic patients
older than 25 years in three marginal zones from Aguadulce,
Panama. Most diabetic patients do not have medical insurance,
have a little education and live in extreme poverty.
The pilot tests have been scheduled to end in August, 2010 In
terms of security and data cleansing, there is a framework to
ensure quality and security of data in virtual organizations
which is currently implemented by the IT office of the
Technological University of Panama as part of their strategy
to improve the quality of information in health systems.
Afterwards, this framework will be implemented in the ICT
services of the Ministry of Health and the Social Security of
Panama.











Self-Care Services: Education (prevention and care
of skin, eyes, feet, and oral areas).
Medical Device Management Services: The patient
himself interacts with medical devices, generating
their own information on diabetes (blood glucose,
blood pressure, calories expended by physical
activity and body weight).
Medical Record Services: blood glucose, body mass
index, blood pressure, cholesterol, triglycerides,
LDH, HDL, drugs and dose (treatments), physical
exercises are registered.
Medical Monitoring Services: if necessary, the
system will inform in real time to the medical and
health contexts in case the patient needs urgent
attention.
Patient's family and Patient’s medical staff
Information Management Services: to inform on the
patient's medical progress.
Additional Services: Blogs, chats, forums, social
networks and virtual communities are part of special
services.

In the second phase, monitoring services are offered to the
patients’ medical staff to provide statistics on each patient's
medical progress. Moreover, the user is encouraged to be part
of special services such as blogs, chat rooms, forums, social
networks and virtual communities, in order to share ideas and
experiences on their care condition with patients in the same
condition and with medical staff that might be located in
various hospitals or health centers.
The third phase will offer information on prevention and care
of diabetes to society through the web portal
“www.cuidandotudiabetes.org”.

Conclusions
The future of health care is facing challenges that can make
the quality levels suffer. However, the promotion of self-care
of the hiPAPD model is a necessary strategy to search the
integral welfare in everyday life and achieve a harmonious
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and balanced human development. Similarly the hiPAPD
model promotes self-esteem of the patient with activities or
exercises through tools software such as forums, chat, block,
monitoring assisted doctor, learning resources and personal
networks. Finally, the ICT services proposed will facilitate
education, self-care, prevention and integration of diabetic
patients and their family environment.

Work future
As a follow up of this project, the researchers are proposing to
continue the study in other urban areas, such as Panama City.
In addition, contacts have been made in Central America to
start developing a pilot study in the use of the hiPAPD model
in Costa Rica, Guatemala and Dominican Republic. Finally,
the development of a decision support system has been
considered, in order to help the diagnosis and control of
diabetes treatment to patients using this technology.
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Abstract - Because applying machine learning techniques
in support of clinical decision would improve decision
makers in healthcare, we present in this paper a
comparative framework of Support Vector Machine (SVM)
classifiers based on post operative patient (POP) data.
We compare the performance of a single multiclass SVM
and a multistage SVM (MSVM) to those obtained by a
number of other classifiers presented in the literature and
show that both SVM approaches significantly outperform
the other methods resulting in 84.4% and 94.3% overall
accuracy respectively. Results for the non-SVM classifiers
ranged from 48% - 77.7% accuracy.
Keywords: Machine Learning, Multiclass and Multistage
Support Vector Machine.

1

Introduction

With the shortage of registered nurses in the U.S.
reaching as high as 500,000 by 2025 [1], healthcare quality
will be negatively impacted particularly as the baby boomer
generation progresses towards retirement. Clinical Decision
Systems (CDS) using Machine Learning (ML) techniques
could assist nurses making their decisions at the point of
care or corroborate their own decisions thus resulting in
higher quality patient care and lower stress levels for nurses.
Such systems could also be useful in complementing
nursing education.
ML techniques and their different algorithms’ taxonomy
used in computational learning theory have been
successfully and extensively used in a variety of instances
in biomedical applications [2,3], but less frequently in
support of clinical decision such as described in [4] where
the post operative patient (POP) data was created. The
collected data is used to determine where to send a patient
after surgery and contains 90 samples of 8 features which
primarily consist of body temperature and blood
measurements. The authors used rough set theory and
decision tables even in the presence of an inconsistent and
contradictory data set and obtained an accuracy result of
48%. There have been a handful of more recent classifier
approaches validated on the POP data set. Authors in [5]
represented the POP data as fuzzy numbers and used
principle component analysis to build an expert system
which achieved an accuracy of 62.7%. In [6] a number of
approaches were compared on the POP data including a
Naïve Bayesian (71.1%) and a Tree Augmented Naïve

Bayesian expressing partial dependence relations among
attributes (66.7%). In [7], a preferential voting method was
used with arcing (77.7%).
We propose investigating in this paper the potential of
multistage support vector machines (MSVM) in predicting
the discharge decision of post operative patients using POP
data. The selection of support vector machine (SVM) as a
machine learning tool for assisting in clinical decisions
stems from several of its main advantages: SVM has its
roots in statistical learning theory which ensures strong
learning
and
generalization
capabilities.
It
is
computationally efficient in learning a hyper-plane that
correctly classifies the high dimensional feature space and it
is also highly resistant to noisy data.
The remainder of this paper is organized as follows:
Section 2 presents a brief overview of the different SVM
techniques. Section 3 presents experimental results to
validate the effectiveness of the proposed techniques in
terms of correct decision making. Finally, Section 4
concludes this work with remarks and outlines for follow
on research.

2

Multi Stage Support Vector Machines
for Classification tasks

SVM technique as invented by Boser, Guyon and
Vapnik [8] has established itself as one of the leading
approaches in pattern recognition. SVM solves a quadratic
programming problem and finds a computationally efficient
way of learning a hyper-plane that correctly classifies the
high-dimensional feature space after using a linear
combination of kernel functions that have to be positive
definite [9]. With kernel functions centered on the training
input data, SVM keeps the training error fixed while
retaining only the support vectors (SV) from the input data.
Defining similarity measures between data points, kernels
are computationally efficient and their selection and the
corresponding
parameters
greatly
impact
SVM
performance.
A mapping function
defines a kernel
function if

K ( xi , x j ) = φ ( xi ) φ ( x j )
T

(1)

which allows for cases where the data is not linearly
separable. The computational efficiency of the SVM lies in
the fact that only the linear combination of the SVs is used
for the solution so that large feature data sets do not affect
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the SVM performance [10]. The decision boundary that
separates two classes is a hyper-plane with discriminant
function formulated as in (2).

wY (φ ( xi ) φ ( xi ) + by
T

l

T

y ( x ) = sgn( ∑ α y φ ( x ) φ ( x ) + b)
i i

i =1

(2)

i

, ,…
plane bias.
The ‘margin’ for a set of points
is defined as the distance from the closest point to the
separating hyper-plane. The maximum margin is found by
minimizing a ‘soft margin’ whereby a penalty is introduced
for those points that fall on the wrong side of the boundary:
n
1 T
min w ⋅ w + C ξ i
(3)
2
i =1
where ξ is the slack variable to account for non separable
input data and is subject to the condition

∑

)

yi ( w ⋅ φ ( x ) φ ( x ) + b) ≥ 1 − ξ i
T

(4)

The common approaches to SVM multiclassification are
to either reduce the problem into a number of binary
problems or to consider all the data in one optimization
[11]. ‘One-against-all’ (OAA) constructs c binary SVM
classifiers where c is the number of classes. Each one
distinguishes one class from all the other classes with c
decision functions: w1 ⋅ xi + b1 ; L ; wc ⋅ xi + bc . OAA trains c
T

T

SVM versus c2 however at runtime and requires the
evaluation of (c-1) SVM classifiers [12]. The final label
output is given to the class that has the highest output value:
Class of x

(5)

(

)

≡ arg max i =1,..,c ( wi ⋅ φ ( xi ) φ ( xi ) + bi )
T

T

I

i

≥ wm (φ ( xi ) φ ( xi ) + bm − 2 − ei
T

where αi are the Lagrange multipliers, C is the penalty term
subject to the constraint 0 < α i < C and b is the hyper-

(

two class rules, where each classifier separates training
vectors of a class from all the others using the constraint:

T

Pair-wise classification also referred to as one-againstone (OAO) builds c(c-1)/2 binary SVM each of which is
used to discriminate two of the c classes. OAO also
requires the evaluation of (c-1) SVM classifiers [13]. For
training data for the kth and jth class, the constraints are:

T

(8)

m

For reasonable data set sizes, the accuracy of the
different multiclassification techniques is comparable. For
any particular problem, the selection of the optimal multiclassification approach partly depends on the required
accuracy and partly on the development and training time
goals [14]. For example, from a computational cost
perspective, OAA and OAO are quite different. Suppose
there are c different classes of N instances and that T(N1)
represents the time for learning one binary classifier using
N1 examples, OAA learns in cN3 whereas OAO requires
4(c-1)N3/ c2.
Because the VC dimension “h” impacts the
generalization error by the fact that it is bounded by w
and the radius of the smallest sphere R that contains all the
training points according to:
h<

R
w

2
2

(9)

we propose to address the multiclassification problem by
using an MSVM to better control the overall system error
that consists of :

ε = ε emp + ε g

(10)

where
is the training error and is the generalization
error. The parametric model of the SVM allows for
adjustments when constructing the discriminant function.
However, for multiclass problems these parameters do not
always fit across the entire data set. It is sometimes
preferable to partition the data into subgroups with similar
features and derive the classifier parameters separately.
This process results in an MSVM which can produce
greater generalization accuracy by reducing the likelihood
of overfitting. A graphical representation of a single SVM
and an MSVM are shown in Figure 1.

wkj ⋅ (φ ( xi ) φ ( xi )) + bkj ≥ 1 − ekj
T

T

for yi = k

i

(6)

wkj ⋅ (φ ( xi ) φ ( xi )) + bkj ≥ −1 − ekj
T

T

i

Fig. 1 Single Multiclass SVM and MSVM
for

yi = j

(7)

The decision function for optimizing in one single step is
the same as Eq. (5) for the OAA technique. It constructs c
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With a multistage approach, different kernel and tuning
parameters can be optimized for each stage separately. The
first stage SVM can be trained to distinguish between a
single class and the rest of the classes. The next stage SVM
can tune a different kernel to further distinguish among the
remaining classes. Thus there will be a binary classifier
with one decision function to implement at each stage.

3

single multiclass SVM showed an accuracy of 84.3% on the
test data as compared to other classifiers in the literature
(48%-77.7%) with an accuracy of 97.6% on the critical C1
class. The MSVM produced superior results with an
average test accuracy of 94.3%. It maintained the 97.6%
accuracy on the critical C1 class and also achieved higher
accuracies, 92.4% and 97.4%, for the C2 and C3 classes
respectively. All results are shown in Table 2.

Experiments and Results

The POP data set as defined in [4] was downloaded from
[15]. It contained discharge decisions and determined
where to send a patient based on their condition after
surgery. Table 1 shows the different classes available in the
POP data.
Decision
C1
Intensive Care Unit
C2
Home
C3
General Hospital Floor
C4
C1 + C2
Table 1 Discharge Decision Classes.
Because data is often not homogeneously distributed
among the different classes and in many cases the least
prominent observations have the highest entropy content,
ML algorithms skew results as they attempt to optimize a
global performance index. Primary approaches for dealing
with skewed datasets address this problem either by
resampling the dataset (undersampling the majority class,
oversampling the minority class, or both) or altering the
global performance index by adding a cost function for the
misclassified instances in the minority classes. For our
experiments, we used a heuristical approach to resampling
by observing the misclassified instances, cloning them, and
adding them to roughly balance the three classes to have the
same number of occurrences.
The accuracies of SVM and the MSVM were much better
than those of the other classifiers described in the literature.
The MSVM approach allowed for training the two different
SVMs with different kernel parameters thereby increasing
the accuracy on all three classes. The criticality of the
decision to send a patient to the intensive care unit (C1) or
not makes our results more pertinent. Separating the data
by grouping C2 and C3 together allowed for selecting and
tuning a kernel which was specific to better divide the data
into patients that needed critical care and those that did not.
The results show this approach improved not only the C1
prediction accuracy, but also the C2, C3 accuracy and the
overall prediction accuracies as compared to the single
multiclass SVM.
The data was divided into 70% training and 30% testing
sets. All tests were performed 100 times using 3-fold cross
validation. A radial basis function (rbf) kernel was used for
all SVMs with separate grid searches to determine the
satisfactory values for the C parameters. The results for the
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Single
SVM
MSVM1
MSVM2
Combine
d MSVM

C

g

213

2-1

15

3

2
211

C1,
C2,
C3
84.3

2
2-1

95.3
94.3

Accuracy %
C1,
C2,
C4
C3

C1

C2

C3

-

-

97.6

72.0

87.1

-

99.0
-

95.3
-

97.6

93.0
92.4

98.0
97.4

99.4

97.6

Table 2: Results for Single and MSVM Models

4

Conclusion

As demonstrated by the experimental results, SVM
achieved improved accuracy results as compared to
approaches in the literature using the POP dataset (48%71.1%). In particular the MSVM approach proved to be far
superior with an average accuracy of 94.3% while the single
multiclass SVM reached 84.3%.
Future work may include experimenting on a larger data
set and attempting to apply ML techniques to different
clinical tasks to demonstrate the usefulness of intelligent
systems in these cases.
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Abstract - The Early detection of Alzeimer’s disease is an
important challenge in medical world. This paper aims to
develop a cost effective system for detection of Alzheimer’s
disease (AD) in its early stages. We use the EEG recording as
the diagnosis tool. By comparing the Theta and beta band
powers of the EEG signals, the probable cases that are at the
greater risk (probable AD) and controls can be calculated. We
obtained about 80% accuracy in classification and can be
much improved with much larger datasets.
Keywords: Alzheimer’,s Disease, Electroencephalography,
Early Detection, Controls subject, Elliptic Filters, power
spectrum.

1

Introduction

Alzheimer’s disease (AD) is the most common
neurodegenerative disorder affecting people above 60 years of
age. It has been reported that about 20 million people
worldwide are affected with AD and the number of individuals
with AD is expected to increase two folds by 2050 [1]. Early
diagnosis and effective treatment of AD are critical issues in
medical research. Though no known cure exists for
Alzheimer’s disease, a number of medications are believed to
delay the symptoms (and perhaps causes) of the disease. The
progression of the disease can be categorized in to four
different stages. The first stage is known as Mild Cognitive
Impairment (MCI), and corresponds to a variety of symptoms
- most commonly amnesia - which do not significantly alter
daily life. Between 6 and 25% of people affected with MCI
progress to AD every year. The next stages of Alzheimer’s
disease (Mild and Moderate AD) are characterized by
increasing cognitive deficits, decreasing independence,
culminating in the patient’s, dependence on care givers and
the fourth category is a complete deterioration of personality
(Severe AD) [2]. Early diagnosis of Alzheimer’s disease, and
in particular diagnosis of MCI and Mild AD, is important for
several reasons. A positive diagnosis gives the patient and his
family time to plan for the disease, to make life and financial
decisions related to the disease, and to plan for the future
needs and care of the patients. Current symptoms-delaying
medications have given a time frame during which they are
effective. Early diagnosis of MCI helps ensure prescription of
these medications when they are most useful [3]. However, the

diagnosis of AD is difficult in its early stages as it doesn’t
show any clinical symptoms. When clinical symptoms of AD
occurs, the sufferers are already at an intermediate to last stage
of progression, by which they have already experienced
appreciable losses in cognition and functioning, and the
treatment is almost ineffective. Finding a method for early
identification of patients, who are to progress toward
Alzheimer’s disease, but do not exhibit clinical signs of AD at
the time of the test, is thus an important challenge.
Furthermore, an early detection method should be
inexpensive, in order to allow mass screening of the disease.
In many cases, expensive and complex tools are used to
predict the early stages of AD. Invasive methods like CSF,
NFT and non-invasive methods like MRI, PET, CT, SPECT,
fMRI are used [4]. Despite of advantages, these methods are
costly and not suitable for routine screening of large at-risk
population. This makes Electroencephalography (EEG) the
most promising candidate in this respect. According to the
broad literature survey, the diagnostic accuracy of EEG based
technique is currently about 80% [5].
Amongst EEG based techniques to detect AD, the most
established is spectral analysis. Many studies show that by
looking at the EEG power density at selected frequency bands,
a “slowing of the EEG” is observed in the alpha rhythms of
AD patients. The slowing of EEG rhythms has been
considered as an indirect affirmation of deficits in
neurotransmitters, particularly acetylcholine, which occurs at
early stage AD [6]. Several nonlinear dynamical analysis
(NDA), typically those involving time embedding techniques,
have been reported to reveal information about the EEG and
its underlying system, which were unavailable from spectral
analysis [5,7]. Previous studies have found that correlation
values among EEG signals taken at different locations on the
head exhibit lower values when applied to AD patients. This
indicates a reduced complexity in the underlying systems
generating the EEGs and can be seen as a consequence of
neuronal death in AD [5]. Despite promising results, these
techniques are sensitive to parameters such as initial
conditions, the embedding dimension and time delay. In
addition, they required large amounts of data to produce
appreciable outcomes, which are not always feasible. Fractal
analysis is an alternative approach to time embedding
methods. It works directly on the EEG to quantify the
waveform shape complexity. Fractal dimension (FD) is a
measure of the structural details of the waveform itself [8].
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The probability density function (PDF) of the zero-crossing
intervals (ZCI) is another method which derives information
directly from the EEG. It shares some features as FD and has
been successfully applied to the EEG before [9]. It was shown
to be robust in the characterization of sleep spindles.
Recently, several entropy measures have been applied to
characterize the EEG in AD. In [10], sample entropy was
applied to the EEG of AD patients and results show increase
regularities in the waveform, indicating abnormalities in its
dynamics. However, it is sensitive to the run length and
tolerance window used in the algorithm. The concept of
mutual information (MI) is another NDA method applied to
the EEG for AD diagnosis. MI analysis has shown promise
when used to quantify functional segregation and integration
in the brain as well as complexity [11]. Recently, it has also
been used to measure the amount of information transmission
in different cortical areas of the AD brain and results indicate
a reduction in functional connectivity [12]. Another set of
concept for detecting changes in the EEG of AD patients is the
Hjorth descriptors. Based on spectral moments computed from
the EEG, three descriptors, namely the activity, mobility and
complexity are derived [13]. When applied to the EEG of AD
patients, results show significant increase in complexity and a
reduction in mobility. Another potential method for EEG
analysis is source localization (SL), which involves the use of
inverse techniques to locate the sources generating the EEG.
There are several approaches for finding the sources,
including the minimum current approach and the low
resolution electromagnetic tomography (LORETA). These
methods have shown promising results when applied to the
EEG of AD patients [14]. It is evident that many promising
methods exist. However, despite promising results, these
methods were not widely accepted due to their sensitivity to
artefacts, making them more complex in practice. In this paper
we propose a cost effective system for initial screening of
large “at-risk” population of AD.

2

Proposed Method

The block diagram of the proposed method is as shown
in the Fig.1. The operation of the various blocks is discussed
in the subsections.

2.1

Data

The data used here is collected from Australian EEG
database (AED) maintained by New castle university. The
data was recorded from electrodes placed on 21 sites on the
scalp based on 10-20 electrode placing system as shown in the
Fig.2. The sampling frequency is 167 Hz, which allows signals
up to 80 Hz to be represented. The length of the recording is
60 seconds and in some recordings of larger duration, the
recordings are terminated into 60 sec epochs. All the
recordings were performed with the subjects in an awake but
resting state with eyes closed condition. The data selection
criterion is the patients having memory complaints and having
MCI (Mild Cognitive Impairment) with MMSE (Mini Mental
State Exam) score of ≥ 20.

Fig: 2. 10-20 Electrode placing system with the position of
Electrodes

2.2

Spatial Filtering

The data collected were divided into 60sec segments for
each channel. Data from each channel were filtered using 0.5
Hz to 50 Hz Elliptic band-pass filter. Then the data segments
are normalised by dividing the EEG epochs of each channel
by the total power in that channel. This procedure eliminates
the difference between the amplifier and impedance settings
across channels and participants. These filtered and
normalised data were then used in all statistical calculations.
Analyses were performed on the EEG data by applying a set
of digital Elliptic Band-pass filters to divide the EEG signal
into alpha, beta, delta and theta bands with frequencies as
shown below.
Beta band (12-22 Hz)
Alpha band (8-12 Hz)

Fig.1 Proposed Method .

Theta band (4-8 Hz)
Delta band (< 4 Hz)
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2.3

Band Power Calculation

Investigators have shown that unusual EEG patterns
exist in AD patients and are characterized by a decrease in
alpha and beta power, and a corresponding increase in delta
and theta power as compared to normal age-matched controls
[15-18]. In [19] it is hypothesized that the earliest
modifications of the EEG occur in the beta and theta bands,
while changes in the alpha and delta bandwidths appear later
in the time course of the disease. This implies that increase in
theta power can act as an early marker for AD. So, in our
method we calculate the average power of theta band for all
the 21 channels of various patients which acts as feature set.

2.4

3
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Results and Discussion

The Theta band power of at risk of AD and control
subject is as shown in fig.3. The figure shows that the Theta
band power is quiet high for patients who are likely to develop
AD in future. When the power of the EEG signal is analysed
by using K-means algorithm, two distinct subgroups are
formed
1) Subgroup who are likely to develop AD in future.
2) Subgroup which is more similar to controls.

Clustering and Classification

The feature sets were subsequently used as inputs for a
k-means clustering algorithm [20]. The k-means clustering
algorithm assumes a user-specified number of classification
categories (two in this case), and then calculates the centroid
for each category (group or cluster). The value of the centroid
is then iteratively adjusted until the differences between data
points and the centroid for each group is minimized. Steps in
the algorithm are as follows:
1.

Choose k initial cluster centers. (In our case, k = 2.)

2.

Calculate the Euclidean distances between the feature
vectors (each participant is represented as a vector of
EEG data) and the cluster centers. Assign every feature
vector to the cluster center to which it is closest, thus
creating k clusters.

3.

Find the centroids of the newly-created k clusters.

4.

Using the centroids of Step 3 as cluster centers, repeat
Steps 2 and 3 until the centroids no longer change. At this
point the algorithm is said to have attained convergence,
i.e., they no longer change with subsequent iterations.

In general, the clusters generated by the k-means
algorithm depend on the choice of initial cluster centers [21].
It is therefore prudent to repeat the algorithm several times
with different initial cluster center choices. Fortunately, the
algorithm converges quickly, so running it several times is not
very time consuming. Initial cluster centers can simply be
chosen at random if there is no a-priori information regarding
the data. However, there is often prior information, e.g., a
rough idea of the numerical ranges of the feature vectors of
each group or of the data as a whole. And, if the groups are
well separated, the very same clusters will be generated for a
wide range of initial center choices. In study, the
aforementioned k-means algorithm was tested for its ability to
segregate individuals into meaningful groups by attempting to
categorize AD patients versus controls. In this regard, the
algorithm proved particularly effective, achieving over 80%
correct classifications.

Fig.3 Theta band power of two patients
Those patients who are classified in group-1can be subjected
to further medical monitoring. It is particularly important to
note that our predictions concerning the 3 MCI patients who
were correctly identified as unlikely to progress to AD, and
the 1 MCI patient who was accurately predicted to develop
AD, were made without reference to any other diagnostic
instruments and took place well before any clinical signs or
behavioural manifestations of AD.
Moreover, if our continuing evaluation of this diagnostic
technique proves reliable after testing a greater number of
follow-up patients, it will have broad implications for the
screening of participants in drug trials, and for providing
guidance to patients and family members regarding their
expectations for potential AD progression.

4
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A Tumor Diagnosis Assistant System in Traditional Chinese
Medicine(TCM) Combining With Modern Medicine
Guohong Zhou, Shuqian Luo
Institute of Biomedical Engineering, Capital Medical University, Beijing 100069, China
Guohong_zhou@yahoo.com.cn, sqluo@ieee.org
Abstract—We have developed a software system for tumor
diagnosis assistant using Delphi 6. The software contains
multiple functional modules, like patient registration,
diagnosis and treatment, case querying and statistics,
therapy scheme management, auditing procedure, reports
and data output, etc.. The diagnosis module can guide the
doctor to detect and estimate a special cancer step by step
based on physical examinations and doctor’s inspections.
The aim of the software is to provide a convenient tool to
help inexperienced doctors in diagnosis process and
treatment options for some common cancers. The
characteristic of the software is that its tumor diagnosis and
therapy rules follow the method in Traditional Chinese
Medicine combining with Modern Medicine techniques, and
it is convenient for case study in medical research.
Keywords: tumor diagnosis, software, Traditional Chinese
Medicine. medical research

1. Introduction
Tumors are some most common diseases in the human
society. Tumors can be benign or malignant: Benign tumors
are rarely life-threatening. Generally, benign tumors can be
removed. They usually do not grow back. Malignant tumors
are cancers. They are generally more serious than benign
tumors. They may be life-threatening. Malignant tumors
often can be removed. But sometimes they grow back.
There are thousands years of history in Traditional
Chinese Medicine(TCM) to treat tumors[1]. At present, there
is an unique physician team in China, those physicians not
only have a good command of modern western medicine
technique, but also they are capable of using the means of
TCM to diagnose and treat diseases including tumors.
Clinic practices of many Chinese physicians convinced
that, combing TCM with modern medicine technique to treat
tumors can gain the following curative effects: (1) Mitigate
the side effects, and
enhance
the functions of
chemiotherapy and radiopraxis; (2) Reinforce the surgery
effects, lessen the surgery syndromes; (3) Resist cancer
transference or recrudescence; (4) Alleviate the symptoms,
prolong patients’ life, improve patients’ life quality.
----------------------------------------Corresponding author: Guohong Zhou, is with the Institute of Biomedical
Engineering, Capital Medical University, Beijing 100069, China. phone:
+1186-10-84719024; e-mail: guohong_zhou@yahoo.com.cn.

Different recipes of TCM made up of different medical
herbs, usually are made as decoction or pills, are used for
different tumor
diseases, or with different tumor
development stages. Besides, doctors in Beijing Xiyuan
hospital also provide different food recipes and nursing
schemes as supplemental means to help patients
strengthening their resistibility to fight against disease.
We have developed a software of tumor diagnosis
assistant system for Beijing Xiyuan Hospital. This software
aims to provide a convenient tool to help inexperienced
doctors in the diagnosis process and treatment options for
some common malignant tumor diseases.

2. Methodology
The program contains multiple functional modules, like
“Patient registration”, “Case database management”,
“Auditing procedure for leaving hospital”, “Case query”,
“Rx (therapy scheme) management”, and so on. Each
module contains several sub-functional program modules.
The core part of the software is the diagnosis and therapy
sub-module. They guide the doctor to detect and to diagnose
a special cancer step by step based on physical examinations
and doctor’s inspections following the rules of TCM
combining with Modern Medicine..
The program is designed under Delphi 6, with a
relational database Paradox 7[2]. Tables are carefully
designed according to the criteria of EPR(Electrical Patient
Record), and basic rules for disease diagnosis and treatment
in a Chinese hospital.
At present, This software is designed for diagnosis and
treatment assistant of six common tumor diseases. They are,
lung cancer, breast cancer, esophageal carcinoma, colorectal
cancer, gastric cancer, hepatic cancer, etc.. As an example,
in the following sections, we only give descriptions related
to breast cancer.

2.1 Software designing logic for diagnosis
For a specific cancer type of an idiographic patient:
Step 1: Determine the pathologic type and its specific
character, like: “pervasive breast cancer “Æ “foliole
carcinoma in situ“;
Step 2: Determine TNM stages;
Step 3: Determine clinic stage;
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Step 4: Give diagnosis in TCM
Step 5: Tell patient’ surgical history
All the diagnosis results of above steps should be
derived by means of some modern examination techniques,
like computed tomography (CT), X-ray inspection, cytology
biopsy, B-ultrasonic, etc., or by doctor’s inspection on
patients symptoms. Program will display all possible
diagnosis options and the corresponding estimation rules
(e.g., symptoms for differentiating each detailed TNM stages)
to let the user (doctor) choose one which describes patient’s
disease.

for the patient. As an example, Fig. 3. shows two records of
diagnosis results of patients with breast cancer in the patient
diagnosis table.

All diagnosis results were written into patient database,
for use as a basis to give treatment suggestion later.

2.2 The knowledge base
We use relational database tables to make up of a
knowledge base. Table 1 listed the table names and their
fields.
TABLE I
TABLE STRUCTURE IN THE KNOWLEDGE BASE
Table name
fields

Fig. 2. The field structure of “Diagnosis and treatment” table

Fig. 3. Two records of Diagnosis results with breast cancer

TNM stages

RecNo, Cancer type, TNM stages, Symptoms

2.4 Searching method

K-Score

RecNo, K-Score, Description

Nursing Scheme

RecNo, Cancer
Description

Dietotherapy
Scheme

RecNo, Cancer type, TCM diagnosis, SchemeNo,
Description

Treatment rule

RecNo, Cancer type, Clinic stage, Surgical, Treatment
rule

Chemotherapy

RecNo, Cancer type, Pathologic type, Treatment
phase, StateOfDisease, SchemeNo, Description

TCM treatment

RecNo, Cancer type, Conditions, TCM diagnosis,
SchemeNo, Description

Tables in the knowledge base are mainly used for
offering optional rules or knowledges on user-interface. The
fields from left to right represent information from wide
scope to small scope gradually. For example, in “Treatment
rule” table, if the user locates (choose one option from the
user interface) cancer type of “breast cancer”, then, all
records in the next field (Clinic stage) corresponding to this
cancer type will be located and displayed on the screen as
options, so and so on. At last, user can choose a specific
treatment rule for a specific patient.

type,

Conditions,

SchemeNo,

As an example, Fig. 1 shows partial records in the
“Treatment rule” table.

With tables in patients’ information database, we use
the methods in Delphi Language like “locate”, “filter”,
“lookup” and a powerful “query” component to find and to
display a special record or a group of records expediently.
By use the relations (common fields) among tables we also
can easily acquire desired information from several tables.

3. Results
Fig. 1. Records related to breast cancer in “Treatment rule” table

2.3 The patient information database
Almost twenty tables in our software are mainly used
to record patient’s information and other relative information,
like patients’ basic information, their medical examination
results, diagnosis and therapy, etc.. All the tables are related
each other by a common field of patient’s record number.
Fig. 2. shows the fields structure of “Diagnosis and
treatment” table, which records the chemotherapy status,
TCM Differentiation diagnosis results of a patient, and TCM
treatment plan, dietotherapy plan, nursing plan, etc. adopted

As mentioned above, our software covers virtually all
aspects to meet the requirements of managing patients’ data,
providing step by step tumor diagnosis hints to the doctors,
automatically giving treatment options, supplying means for
prescription editing, case comparing, and statistical curative
effect evaluation. Follows are some user interface examples.

3.1 Patient registration
Patient registration interface (figure omitted) consists of
the following operation options: enter a new pathological
case, edit an existent case, enter medical examination results,
diagnosis and therapy. Firstly, enter a patient code, then,
select an operation option, a new user interface appeared.
For an exist patient record, the user will be asked to enter a
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password. Only the doctor in charge of the case can edit
patient’s medical records.
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Then detailed classification of breast cancer will display in a
proper part of the interface (left middle). Next step, the
doctor can choose an option of idiographic breast cancer. For
example, In the left-middle part of the interface, select
“invasive breast cancer”(note: originally hints in the
interface were all in Chinese) radio button, and then select
“ductal carcinoma in situ“ using the ComBoBox based on
primary diagnosis results. Next step, the doctor needs to
know the TNM stages of a special cancer. It is important to
know the stage in order to plan treatment.

Fig. 4.. User interface of patient medical test

With the medical test interface (Fig. 4.), physician or
nurse can type in patient’s medical examination results. For
example: HGB, RBC, WBC, PLT, GPT, GOT, TBIL, DBIL,
Cr, BUN, and also electrocardiogram, B-mode ultrasonic,
CT, etc.. Those results will be as one of the bases for
treatment decision-making.
Diagnosis interface is a pivotal part of the software, it
gathered classical tumor diagnosis knowledge and theory
from medical books[3]–[5].and also the experiences of
practiced doctors. It can help inexperienced doctors to educe
an appropriate diagnosis step by step. (Fig. 5 and Fig. 6).

Fig. 5.. One of the Diagnosis interfaces

In fig. 5, firstly, the doctor should check whether the
patient code (upper left, marked Rec. No) is correct, if so,
click the register button (right-hand of the patient code box).
If there were already some diagnosis results existed, they
would appear at the middle part of the interface, as showed
in fig. 5. If then click on the “+” button at the bottom of the
interface, then Fig. 6 appears. With this interface, the doctor
can give a new diagnosis for a patient.
Select a special cancer type from upper middle of the
interface (Fig. 6), for example, you selected breast cancer.

Fig. 6.. One of Diagnosis interfaces

TNM staging system is an International system for
describing the extent of cancer in a patient’s body. T
describes the size of the tumor and whether it has invaded
nearby tissue, N describes any lymph nodes that are involved,
and M describes metastasis (spread of cancer from one body
part to another). Certain tests and procedures are used in the
staging process. This work can be done in the right-middle
part of the interface. Look at the detailed description (in
Chinese characters) of each TNM stage, and select one
proper radio button based on patient’s symptoms.
For example, there was a patient, age: 40, lactation
woman. Physical examination results: a tumor was found in
her left breast. Its size is about 6cm×5cm×4cm. the
ipsilateral axillary lymph node size is about
2.5cm×2cm×2cm, with syncretic character. Based on these
symptoms, using the diagnosis interface, comparing with the
hints, doctor would select T3, N2, M0 for TNM stage. So, the
clinical stage for this patient should be IIIA.
In the bottom part of this interface, there are diagnosis
options of TCM Differentiation of symptoms and signs (in
Chinese characters). Doctor can select one radio button if the
patient’s symptoms accord with the corresponding
descriptions.

3.2 Rx interface
In the interface of fig. 5 or fig. 6, click on therapy Tab
(as marked Rx), then Rx interface displays (Figure is
omitted) . Based on the newly examination results and the
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diagnosis, the system delivers various aspects of treatment
suggestions, include treatment guideline, chemiotherapy,
TCM therapy, bromatotherapy, endocrinotherapy (only used
for breast cancer), etc.. For a special disease with certain
symptoms, there would be several Rx options. This is
designed for research purpose to compare the curative
effects of different therapies. The program will randomly
choose one Rx for a patient, hereafter doctors can evaluate
and compare those therapies by statistical method. The
system generated therapies can be saved into text file, or
printed out.

3.6 Reports and data output

3.3 Auditing procedure

There are many different methods of tumor (benign and
malignant) diagnosis and therapy. Also the prognosis of the
disease is related to different physical status of the patient. In
most hospitals a team of specialists will work together to
decide which treatment is best for the patient. This
multidisciplinary team (MDT) will include a specialist
surgeon, a clinical or medical oncologist and may include a
number of other healthcare professionals.

When patient leaves hospital, there would be an
auditing procedure. This procedure includes a new diagnosis
and a prognosis evaluation. The doctor in charge of the case
and the director should have their electrical signatures put on
the case file as a warrant.

3.4 Therapy scheme management
There is also a therapy scheme management program
module. With its interface (figure is omitted), doctor can
inquire treatment prescriptions about different cancers. And
also can modify, amend the existing therapy schemes, or
type in a new therapy scheme. After a new therapy scheme
was entered, then it will possibly be chosen by the system
later on.

3.5 Case Querying and Statistics
The software contains a case query module (interface
figure omitted) and a statistics module. Use the case query
module, doctors can expediently study and analyze a special
case. Query keywords could be a patient code, a cancer
denomination, or a doctor name.
If querying by a patient code, user can inquire the
patient’s in-hospital record, examination reports, diagnosis
results, and the therapies. If querying by a cancer
denomination, user can find all patients’ information who
have this disease. If querying by a doctor’s name, then user
can find all patients’ cases treated by this doctor.
In the statistics interface (figure omitted), user can
choose a patient database in hard disk, or in a removable
disk to do statistics. The upper part of the interface gives a
general statistic information, like the total patient number
with each different cancer type, the patient number who left
the hospital/in-hospital, and the patient number of cured,
dead, or got better. With the lower part of the interface, user
can do discretionary condition-combined Statistic. Use the
ComBoBoxes to select different conditions, then, click the
“Do Stat.” button (lower left, with a √ mark), the result
statistic number will show at the right side of this button.

This system can make report printing or save to file
about patient cases, examination results, situations of
diagnosis and treatments.
The program also contains a data conversion module
which extracts patient’s data from multiple tables and writes
them into a text file with a specific format. Then this text file
can be read by SPSS statistic software.

4 Conclusion

Professor Yufei Yang in Oncology Branch, Xiyuan
Hospital, Beijing, China and her colleagues summarized
their experiences and the general rules in tumor diagnosis
and therapy, and asked the authors to design a computer
software to help the inexperienced doctors in their hospital.
The characteristic of the software is that its tumor diagnosis
and therapy rules follow the theory in TCM combining with
Modern Medicine, and it is good and convenient for research
purpose.
The software is still in its test stage and is subjected to
amend and consummate. .
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Abstract - Due to outbreak of number of new diseases, there
is an urgent demand for establishing a collaboration
framework that can be used for sharing medical ideas,
information, experience, knowledge, and research results.
Such a collaboration framework would connect a variety of
types of users, such as physicians, patients, researchers, and
pharmacists. These professionals of health systems should
share their observations and experiences to handle these
epidemic or panoramic outbreaks. The digital content that is
published through the collaboration framework will educate
and provide awareness in the community at large.
Keywords Web2.0, Healthcare Systems, Collaborative
Framework, social networking.

1. Introduction
Collaborative frameworks leverage the sharing of ideas,
information, experience, knowledge, resources and feedback
among people in a particular field of interest – as found for
example in collaborative frameworks for distributed
computing systems, maintenance engineering, networking
troubleshooting, entertainment, patients, physicians, and
healthcare advice. The collaborative framework is useful in
the development of the community by providing different
types of digital content (text, audio, and video) to the
framework or community [1,2,3,4] The digital content is
provided through Web 2.0 interfaces (e.g., Wiki, blogs, RSS).
This assists in supporting decision making processes, which
is vital for many users such as managers, physicians, and
engineers. A healthcare collaborative community or
framework is one of the digital communities that have started
to grow rapidly in the last year with the development of Web
2.0 technologies. The healthcare collaborative community is
important in improving the awareness and responsibilities of
patients towards their health: what type of food and exercise
is useful for diabetes patients, what type of tests are required
for pregnant women in different trimesters, and the steps that
need to be taken regarding swine flu (H1N1). Moreover, the
healthcare collaborative community facilitates the sharing of
ideas, experience and knowledge between physicians through
exchanging medical experience, discussing challenges cases,
sharing clinical insights, and getting results from trying new
medicines [5, 6, 7, 8] Healthcare management users also
benefit from the collaborative community through getting the

required information and experience from others in the
management team, thus leading to better decision making.
The collaborative community can provide attractive solutions
for some of the above-mentioned problems through offering
advice to a variety of users, both physicians and patients.
However, considering Web 2.0 as an advisory system is risky
due to the quality of the published information. Therefore,
this should be established under the control, monitoring and
supervision of the healthcare authority, such as a Ministry of
Health or the World Health Organization (WHO). If it is
under control, then the healthcare collaborative framework
can be considered as an advisory system that is offering
advice to patients as well as physicians.
These resources include supercomputing, storage and backup
systems, and communications, as well as health services such
as remote monitoring, online medical testing labs, and video
conferencing. The control and management system is
required to ensure the quality of deployed information,
availability of the system, quality of health services, and
security of information. In addition, the collaborative
framework is deployed over heterogeneous systems, which
requires the adoption of an open standard format in
exchanging medical information.

2. Web 2.0 and Healthcare Community
The healthcare framework depends on Web 2.0 as a
technology for feeding the framework with digital content.
The use of Web2.0 has increased significantly in recent years,
with a focus on specific areas like health, education,
engineering, technology, and entertainment. This has created
a new era of collaboration frameworks between people in
different areas. The collaboration framework is important for
trading ideas, advice, support, information and knowledge.
Such collaborations assist people in different sectors to have
online digital life libraries that can be used as supported
materials when needed. However, the reliability, quality of
data, manageability, availability, maintainability of the digital
content still needs to be improved and investigated further.
Most people start to use the information that is available
through different Web 2.0 applications without awareness
about the sources, quality, and validity of the information.
For example, are we sure that X is publishing correct
information about H1N1. Is X is really X or another person
that is using X’s name? Is the information that is published by
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X really up to date? And there are many other such questions
that are difficult to answer.

3. Background: Web2.0 in Action
Web 2.0 is the next generation of Internet applications that
depend on interaction with users. In other words, Web 2.0
aims to build collaborative frameworks that considering the
user as an active entity, one that participates in the framework
by providing experience, knowledge, information and
feedback. The framework will be improved with more users
participating in the activities of the framework; e.g. YouTube
Facebook, MySpace, and blogs.
Currently, the Web 2.0 framework is available in
different formats, such as blogs, wikis, podcasting, tags, and
social networking. These formats are merged with different
enterprise applications, like e-healthcare, e-business, escience, e-government and others to offer a base for user
collaboration frameworks. Such applications are reviewed by
Hogg et al.[2, 3] , who conducted an in-depth investigation of
40 successful Web 2.0 applications. They summarized the
range of characteristics to describe the phenomenon of Web
2.0 communities and to provide a systematic overview of
current and emerging business models. Healthcare is one of
the environments that unquestionably needs to establish a
collaborative framework. The following sections will
describe the use of different Web 2.0 formats in healthcare
applications.
Online healthcare collaborative frameworks are not
something new, and many were aiming to develop such a
framework science in the mid-1990s, when the Internet
became available at a reasonable price and in many places
around the world. Advanced Research TEstbed for Medical
InformaticS (ARTEMIS) is one of these environments that
aims to build a collaborative framework between patients and
physicians [4, 5]. ARTEMIS aims to provide healthcare
services to patients in large communities. It consists of a
number of subsystems that are intended to overcome the
barriers that inhibit the collaborative process. The subsystems
include MONET (Meeting On the Net) – to provide
consultation over a computer network, ISS (Information
Sharing Server) – to provide access to multi-media
information, and PCB (Project Coordination Board) – to
better coordinate focused activities. For such system to be
viable, it needs updated information and resources to be
supplied to the system, which was difficult in the 1990s
because of the absence of digital awareness and lack of the
open standard format. However, with the advent of Web 2.0
technology, the proposed system can be applied.

3.1.

particular topic – e.g. blogs on business, education, health.
Blogs can consist of text, images, and multimedia files, and
offer an effective way of transferring knowledge from
person(s) to others. This includes healthcare knowledge, and
thus different blogs have been appearing in the area of
healthcare. The blogs vary from patients to physician, like the
blog that is discussing Swine Flu and the latest news of it
(http://well.blogs.nytimes.com/2009/04/28/the-symptoms-ofswine-flu/),
and
The
Healthcare
Blog
(http://www.thehealthcareblog.com/) that is discussing the
latest technology in IT for the health sector.

3.2.

Healthcare Wikis

A Wiki is a web page that allows users to freely create and
edit Web page content using any Web browser. Wiki supports
hyperlinks and has simple text syntax for creating new pages
and crosslinks between internal pages on the fly, like the
famous Wikipedia site (http://www.wikipedia.org/). Wikis
have been employed in the healthcare environment to
generate another mean for interaction with users. The
physician as well as patients can use a wiki for exchanging
information. Examples of using wikis in healthcare are: flu
wiki (http://www.fluwikie.com/) which provides a wealth of
information about H5N1 and pandemic flu; and Ask Dr. Wiki
(http://askdrwiki.com/ ) which allows doctors to publish their
review articles, clinical notes, medical pearls (which are a
collection of free, email-based educational services for
medicaltrainees), and medical images on the site.

2.3.

Healthcare social networking

Social networking refers to any online community that
connects people with shared interests in one network. This
assists users to communicate with others and obtain/pass
knowledge: Facebook (http://www.facebook.com) which is
for
general
interests;
and
Café
mom
(http://www.cafemom.com)
which
provides
advice,
experience and information to mothers. Social networking is
also used in healthcare to exchange information:
Patientslikeme
(http://www.Patientslikeme.com)
and
mycancerplace (http://www.mycancerplace.com/) , which
share information, give and receive support, and learn from
the experiences of other patients. Patientslikeme and
mycancerplace are more for social networking of patients
who are requiring support and advice. Sermo
(http://sermo.com/) is social networking for physicians. It
provides a collaborative framework for discussing
challenging cases, sharing clinical insights, and improving
patient care.

Healthcare blogs
2.4.

The “blog” acronym, from Web Log, refers to digital content
that is published through the Web by different types of
person(s). Blogs are usually (but not always) written by one
person and are updated regularly. Other persons can add
comments, which encourage participation in a collaborative
framework. Blogs are often (but not always) written on a

Healthcare podcasting

Podcasting is to share multimedia files (audio and video) over
the Internet. Podcasting is like radio and TV on-demand. The
listener can select the time, place and content to listen to the
program. Podcasting has been merged with healthcare
applications to offer another way of creating a multimedia
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collaboration framework among the users of the framework:
Continuing Medical Education (CME) Podcasting
(http://www.cmepodcasting.com/list.asp), which is giving
medical education courses; and Johns Hopkins Medicine
Podcasting
(http://www.hopkinsmedicine.org/mediaii/podcasts.html),
which is a weekly podcast looking at the top medical stories
of the week for people who want to become informed
participants in their own health care.

4. Healthcare Web 2.0 Roadmap
There is no doubt about the importance and benefit of using
the Web 2.0 framework with healthcare applications in order
to create a collaborative framework specialising in healthcare
services. This is clear from the number of healthcare Web2.0
applications that are starting to appear. Such a collaborative
framework improves the way of exchanging information,
experience and knowledge between the users. This will take
the healthcare applications to another generation through
having knowledge flow up to the system by the users on-thefly. However, healthcare applications have privacy demands
according to the sensitivity, security, scalability, and accuracy
of the published information, especially because of the fact
that such information deals with human life. In addition, to
get the full benefit of the published information, the
information needs to be organized and managed, based on a
number of characteristics, such as the relativity, source,
quality, and ranking of the published information.
Web 2.0 depends on the different activities and information
that are supplied by the users. The published information will
be improved with increased participation in the Web 2.0
framework. Increasing users of framework causes a lack of
credibility for the published data. In addition it requires
massive resources to preserve maintainability, Quality of
Services (QoS), availability, and high performance of the
framework. Therefore, grid computing is proposed here to
offer the required massive resources for Web 2.0 healthcare
applications. Grid computing can be adopted as a platform for
offering a wide range of resources. The following section
discusses the merging of grid computing and the Web 2.0
framework. More details of using grid computing for e-health
can be found in [1, 6, 7].

5. Quality of Data
With the increasing involvement of users in providing digital
resources to the digital community through Web 2.0, the lack
of accuracy and quality of data is dramatically becoming a
problem [12, 13]. The importance of the accuracy of digital
content that is published by users is increasing significantly
for critical applications like health, education, and geographic
information systems [13]. Specifying the quality of data is
essential for providing credibility for the published digital
content. Credibility is defined as “the quality of being
believed or trusted”. Therefore, to reach to credibility, we
need first to be sure about quality. A wide range of
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techniques exists to assess and improve the quality of data,
such as record linkage, business rules, and similarity
measures. Over time, these techniques have evolved to cope
with the increasing complexity of data quality in web
information systems.

6. Scenario
The proposed scenario is designed to improve data quality
(we prefer to say “improve” not “ensure”, because it is
difficult to be sure about the quality of data that is published
by unknown users), as shown in Figure 1. The process is
commenced by publishing information, experiences, data,
etc., through Web 2.0 user interfaces (wikis, blogs, RSS,
social networking and others). The published information is
stored as digital content in the system.

Figure 1. Digital Content Credibility Scenario

The user requests or searches for specific information from
the system, e.g. information about swine flu. The system
receives the request through the Web 2.0 user interface and
classifies the discovered information that is related to the
user’s request. This helps to narrow the amount of the digital
content that need to be tested for data quality and credibility,
which leads to a reduction in the time that is required to
examine the published contents, focus the search on specific
areas, discover the related information, and find the
dependencies of resources in cases that are required.
After categorized the required digital contents, the system
compares the requested materials from the users with the trust
information that is available in the digital library. The
sources of trust content in the digital library are provided by
health authorities, official organizations, research centers, and
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in some cases the tested contents that have already passed the
credibility process. Different mechanism can be used for the
comparison processes, starting with text comparison, mind
map comparison, and ranking algorithms. The result of
comparison will be as a percentage that is given to the tested
digital content. The author of the digital content is considered
as one of the parameters for the comparison process. For
example, if the author is a physician, then a higher weight of
trust is given to that author than to a patient.
The system also checks security issues regarding the
authority of the user to publish content that can be adopted in
the digital library, the integrity of the digital content, and the
digital signature of the author.

7. Conclusion
This paper discusses the importance of the digital content that
is provided by different types of users through the Web 2.0
framework. Such digital content is essential for the
development of digital communities, such as in healthcare.
The paper presents two aspects that are vital for education
and awareness. Finally the paper talks about the quality of the
digital Data and how data quality and authenticity is needed
in the collaborative framework.
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Abstract – In this paper, a new method for QRS detection is
presented. The proposed algorithm is based on back
propagation neural network (BPNN). The aim of this design is
to achieve high QRS detection performance in terms of time
accuracy and reliability. In this system, BPNN is applied to
optimize the QRS complex. This method can make the
prediction much easier and more accurate than other methods.
The data from MIT-BIH Arrhythmia database are applied as a
case study. The simulation results show that the proposed
system has an excellent performance. A hardware system is
implemented to verify this method, and the results show that
the hardware system is consistent with the simulation result.
Keywords: BPNN, QRS detection, Adaptive study, FPGA

1

Introduction

Analysis of electrocardiogram is used to provide
information on the activity of heart, and the QRS complex is
the most striking waveform within electrocardiogram [1].
Therefore, QRS detection is one of the most important
methods to get characteristic of the heart. Within the last
decades, many new approaches for QRS detection have been
proposed. In [2]-[4], different methods are used to improve
the QRS detection, such as wavelet transformation, FFT
transformation, adaptive threshold, etc. With these methods,
the accuracy has achieved to about 95%. But none of these
methods are real time.
With great use in practice, real-time detection is another hot
domain for QRS research. Antti brought a system using
optimized filter and adaptive threshold to detect QRS in [5]
with 90% accuracy. Reference [6] raised a method with
moving average filter to get the position of the QRS complex
with accuracy about at 85%. With real time requirement, the
accuracy falls about 10%. As a result, how to balance time
requirement and accuracy rate is quite an important problem
to make QRS detection method in reality. Generally speaking,
QRS complex is made of three typical waves, Q wave, R
wave, S wave [1]. Q wave is quite hard to detect, and R wave
is easier to detect. If we can extract the Q wave during the
detection, this problem could be easily solved.
At the same time, the signal in electrocardiogram changes
gradually, and the change is with obvious periodicity. As a
result, we can use neural network to study this characteristic,

and utilize this characteristic to predict the R wave with the Q
wave and the pre-waves. By doing this, we can extract the
QRS complex.
In this article, a new scheme for real-time QRS detection is
proposed. We introduce the back propagation neural network
to make the detection. Neural network was introduced to QRS
detector because of its advantage at remembrance and high
speed for searching results [7]. Because of its convenience in
signal processing and hardware implement [8], we choose
BPNN in this design. To extract the characteristic of QRS
from the electrocardiogram precisely, the adaptive threshold
and region searching methods are also used. This method
takes advantages of both BPNN and traditional QRS detection
algorithm. The results show that the proposed system has an
excellent performance.
The rest of the paper is organized as follows. Section 2
describes the proposed system model. In section 3, we
analyze the theories which the designed structure is based on.
The results of the simulation and the hardware system are
provided in Section 4. Section 5 shows some concluding
remarks.

2

System description

The proposed system utilizes the features of QRS complex.
Data processing steps of the proposed scheme are illustrated
in Figure 1. Input data are preprocessed to reduced noises.
After that, BPNN extract the characteristic of the
electrocardiogram. In the detection module, various strategies
are provided to get the position of the QRS complex.

Fig. 1. The proposed system diagram

2.1

Preprocessing module

This module is used to reduce noises in the
electrocardiogram. Generally speaking, the main frequency of
the electrocardiogram is between 2 to 60 Hz [1]. Since the
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noises from motion artifacts have a great affection on QRS
detection, we use a band pass filter (1.5 to 60 Hz) to reduce
the physical noises and a notch filter (50 Hz) to reduce the
AC noises.
Due to breathing, there is often a 0.5-Hz additive sine noise
in the electrocardiogram, and it is called baseline wander [1].
The noise makes the signals ripple and has a bad effect on the
QRS detection. To limit the interference of the noise, we use a
notch filter specially to avoid the baseline wander.

2.2

BPNN module

In this module, we deal with the signal processed by the
filter. The system is divided into two parts: training and
studying. Before detecting, the proposed BPNN is working in
the “training period”. During the training period, the input
data pass through the preprocessing filter, and train BPNN to
learn the patterns of the electrocardiogram. The training time
and the number of neurons in every layer are adjusted based
on experiment results.
After the system has been trained successfully, it begins to
work in the “detecting period”. In this period, the coefficients
of the layers do not change with the input data. The outputs of
BPNN are the extracted feature of the electrocardiogram.

2.3

3.1

Theory analysis
Butter-worth filter for noise elimination

In order to reduce the artificial noise in real time, we use an
IIR filter (butter-worth filter) to cut off low frequency. This
filter consists of two parts: forward transmission and feed
back transmission.
The filter is shown as follows:
H (z) =

b + b1 z − 1 + b 2 z − 2 + . . . + b n z − n
B(z)
= 0
1 + a1 z −1 + a 2 z −2 + ... + a n z − n
A(z)

If D≥2d+1, reconstruction could be achieved. If we get
enough values before, we can estimate the next value
accurately.
In this proposed scheme, the Aihara neuron is used as the
basic element of the back propagation neural network. The
structure of the neuron is expressed as follows:
y j = ϕ (v j ), v j =

(4)

m

∑

i=0

x i w ij

ϕ stands for the activation function. In this equation, y is
the output of the BPNN and w is the coefficient of the
adjacent neurons. At the beginning, all the w values should be
set with the default values between 0 to 1 [7]. A typical
BPNN model is shown in figure 2.
x1

ω1

x2

y

j

ωj
xm −1

ωN

Fig. 2. Typical diagram of BPNN
Based on the experimental results, we set φ as:
ϕ j ( x j ( n)) = a tanh(bx j ( n)) , (a,b)>0. In this system, the
signals transfer from the input neurons to the output layers,
and then reflect the next value on the output result. With the
difference between the output and the next input, we can train
the coefficients of the system in the training mode. During the
train process, the coefficient of the neurons is modified as
follows:
Δωij (n)=-η

∂E(n)
∂E(n)
= ηe j (n)⋅ϕ j′ (v j (n))⋅ y j (n) = η
y j (n)
∂ωij (n)
∂v j (n)

(5)

ωij ( n ) is the synaptic weight to the i-th neuron from
input and the j-th neuron from the hidden layer respectively.
e j ( n ) is the difference between the real value and the

(2)

estimated output.
After the coefficients are suit with the input values, this
system could be used to detect the characteristic of the input
waves. At this time, the output of the BPNN will be quite
near with the next input. This is the detecting period.

Generally, the frequency of baseline noise is around 0.5Hz.
We set the cut-off frequency at 1.5Hz. With time limited, the
order of the butter-worth filter is 4(n=4).

3.2

(3)

(1)

We can get the y(n) as follows:
y(n) = b0 * x(n) +... + bn * x(0) − a1 * y(n −1) −... − a 0*y(0)

X R (n) = [ x(n), x(n −1),…, x(n − ( D −1))]T

xm

Detection and output

This module uses the data processed by the BPNN to detect
the position of the QRS complex. Since this system is used
for real-time detection, we need to estimate the position of the
QRS complex before it arrives. To achieve that, we use
various methods including adaptive threshold and region
searching to get the information. The details are shown in part
3.3.

3

geometrical structure of d-dimension dynamics system could
be observed from the D-dimension vector. The function is
described as follows:

BPNN for QRS extraction

Back propagation neural network is based on Takens
embedding theorem. According to the theorem, the

3.3

Detection algorithm

There are also some jamming factors in QRS detection,
such as the sudden change of the signals and some other kinds
of noises [1]. In order to make this system more efficient,

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

some strategies are used to prevent the false negative and
false positive. The detection algorithm can be described in
Fig.3:
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Fig. 6. Position of QRS in electrocardiogram

Fig 6 shows the output of the whole system. The above
lines show the detected position of QRS. It can be seen that
all the positions of the QRS peaks could be detected in 30ms
after the start point of QRS complex.
A statistic table of the simulation result is shown in table 1.
(FP: false positive, FN: false negative)

Fig. 3. QRS detection algorithm

In the detection, we use the 1st derivatives as a standard. In
the studying periods, half of the max peak is set as the
threshold here. If the absolute value of 1st derivative is bigger
than threshold, we can assert that the QRS is arriving. At the
same time, we set the last QRS interval as a factor. In the
forecasted region (about ten percent shift of the QRS interval),
we cut down the threshold. If we don’t detect any QRS for
about 1.5 QRS intervals with the last two methods, it means
we have missed the QRS. Then we go back to find the QRS.
Using the last three methods, we can detect the QRS
precisely.

4
4.1

Simulation and implementation
Simulation results

The data used for processing come from the MIT-BIH
Arrhythmia database. We use more than 30000 indexes to
simulate. The results are described in Fig.4 and Fig.5.

Table 1. Test result with MIT-BIH records

MIT-BIH
record
103
105

Total number
of QRS

FP

FN

Failed

2084
2572

0
40

3
12

3
52

Error
rate
0.1%
2.0%

Two records from MIT-BIH database are used to simulate.
Both the records have a high rate in the QRS detection.
Record 103 contains signals with a little noise, and record 105
contains more artificial noises due to human motion. As a
result, record 103 has a better performance than record 105.
Correspondingly, Error rate = (FP+NP)/(Total num).
The detection rates from [1]-[5] are below 95%., and this
system with BPNN is improved to nearly 98%. At the same
time, this method is real time (part 4.2). From either side, this
method is better than the methods raised before.

4.2

Hardware implementation

1300

We implement the system with a FPGA (EP3C40) as
follows. The data from DA (the rate of sampling is 1k-Hz) are
stored in the RAM serially. This data is preprocessed by the
butter-worth filter in order to reduce the noises. After that,
BPNN and detection strategy is used to get the result.
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Fig. 4. Result of the filter
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Fig. 7. FPGA structure
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Fig. 5. Input and output of BPNN
In Fig4, the figure above gives the origin data, and the
below gives the data processed by butter-worth filter. It can
be seen that the 0.5 Hz noise is eliminated successfully. In
Fig.5, the above lines give the results processed by the BPNN.
Unprocessed data are also shown as a comparison in dashed
lines below. This implies the characteristic of the QRS has
been zoomed out.

In this system, the working frequency of FPGA is 20M Hz.
For each data, BPNN need 1000 cycles to calculate the output.
At the same time, the cycle number that butter-worth filter
and detection module need is less than 100. The whole time
this algorithm needs in the process is less than 0.1ms,
compared with 1ms processing time within [5]. During the
experiments, we found the detection position is 30ms delay
with the real QRS, and this is much better than the result
about 50ms in [6].
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We test this system with the electrocardiogram data from
the animals, and the result shows that this system has an
excellent performance.

5

Conclusions

In this article, a new scheme for real-time QRS detection is
proposed. We design a system by combining butter-worth
filter, back propagation neural network and adaptive threshold.
Because of its complex dynamics, BPNN has more memory
capacity and error tolerance than other neural networks.
Therefore, we use BPNN to extract the QRS complex from
the electrocardiogram. The validity of the scheme is analyzed
theoretically. Compared with other methods, BPNN is more
efficient in real- time QRS detecting with less complexity.
The simulation results show that the proposed scheme has an
excellent performance in QRS detection, and the system we
design proves a better efficiency than the design of similar
complexity.

6
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Efficient Pairwise Statistical Significance Estimation using
FPGAs
Daniel Honbo, Ankit Agrawal, and Alok Choudhary
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we present a fast pairwise
statistical
significance
estimator
using
a Field
Programmable Gate Array (FPGA) coprocessor. The
running time of the pairwise statistical significance
estimation routine is dominated by the hundreds of local
alignments it must compute. By offloading the alignment
task to an accelerator designed to concurrently process
multiple independent alignments, we are able to increase
the end-to-end performance of the algorithm by more than
200x over a baseline software implementation. Our
proposed accelerator outperforms optimized, multicore
software implementations and other FPGA implementations
for pairwise statistical significance estimations.
Abstract

Keywords:

1

- In this paper,

Pairwise statistical significance,

FPGA

Introduction

Estimating the statistical significance of a pairwise
local alignment is an important problem in bioinformatics
[1][2][3][4],
and is a crucial step in many sequence
comparison based applications in bioinformatics
requiring
homology detection. Statistical significance represents the
likelihood that the similarity between two given sequences
could have arisen by chance alone. In recent years, pairwise
statistical significance [5][6][7][8] has been shown to be a
promising alternative to database statistical significance
(statistical
significance
reported
by database
search
programs like BLAST, FASTA, etc.) for the purpose of
identifying homo logs. However, current implementations of
the variants of pairwise statistical significance estimation
are too slow to be useful in many large scale applications,
such as database search, because the algorithm performs
hundreds of alignments during the processing of a single
sequence pair. The demonstrated
significant improvement
in retrieval accuracy using pairwise statistical significance
strongly motivates the use of high performance computing
techniques to speed-up the pairwise statistical significance
estimation procedure.
In this paper, we use a large FPGA to accelerate the
computationally
intensive
sequence
alignment
task
performed
during the pairwise
statistical
significance
estimation procedure. An FPGA is a hardware device that
can be configured at run-time to implement an arbitrary
digital circuit. It excels in situations
where simple
operations, such as comparisons,
logical operations and
integer arithmetic, are performed
on data streams. The
regular data dependencies,
abundant
parallelism,
and

straightforward
integer arithmetic of the alignment task
make it suitable for implementation
on an FPGA. We
customize our implementation based on specific features of
the pairwise statistical significance estimation procedure,
which allows us to achieve significantly better performance
than
we would
with
a generic
local
alignment
implementation.
The remainder of this paper is organized as follows.
We provide
an overview
of the pairwise
statistical
significance algorithm in Section 2. Related work in the
area of biological
sequence
alignment
acceleration
is
summarized
in Section 3. In Section 4 we present our
architecture
for accelerating
the pairwise
statistical
significance algorithm. Section 5 discusses the performance
results of our implementation.

2

Algorithm overview

Consider
the pairwise
statistical
significance
as
described in [5] to be obtainable by the following function:

PairwiseStatSig(SeqJ, Seq2, SC, N)
where SeqI and Seq2 are the two sequences, SC is the
scoring scheme (substitution matrix, gap penalties), and N
is the number of shuffles. The PairwiseStatSig function first
generates a score distribution
by aligning Seq 1 with N
shuffled versions of Seq2, and subsequently fits an Extreme
Value Distribution
(EVD)1 using censored-maximumlikelihood to get the statistical parameters K and 4. Finally,
it reports the pairwise
statistical
significance
of the
alignment score of SeqJ and Seq2 (say x) in terms of the Pvalue by calculating the following probability:
(1)
where m, n are the lengths of the sequences, and K, 4 are
the statistical parameters. The P-value thus represents the
probability that a score greater than or equal to x could have
been obtained by chance. The scoring scheme SC in the
PairwiseStatSig function can be extended to use sequencepair-specific distanced substitution matrices [6], multiple
parameter sets [7], and sequence-specific/position-specific
substitution matrices [8]. A comparitive summary of the
advances in pairwise statistical significance can be found in

[9].
I The distribution
of Smith-Waterman
alignment scores for
the given scoring scheme, sequence lengths, and sequence
compositions is empirically known to follow an EVD [9][4].
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The bulk of the processing time for the algorithm is
spent computing alignment scores, with most of the small
remainder being devoted to the shuffling task (Table I).
Clearly, reducing the time required to complete the
alignment task will net significant improvements to the
performance of the algorithm as a whole. For this reason,
we focus our attention on the alignment task.
Table I: Breakdown of software execution time/
Seq.
Length
128
256
512
1024

2.1

Align

Shuffle

Other

98.6%
99.3%
99.7%
99.8%

1.2%
0.7%
0.3%
0.2%

0.2%
0.0%
0.0%
0.0%

Smith-Waterman

local alignment

{GA(i-l,)+e
H(i -1,) + 0

(2)

{GR(i,}-l)+e

(3)

= max

..
GB(/,J)=max

H("

1)

I,j -

j

= max

Ga(i,)

..

(4)

Gb(/,j)

o

The algorithm is based on the observation that the
optimal alignment of A and B can be determined from the
optimal alignment of substrings of A and B. Specifically,
the optimal alignment H(n,m) is the maximum of four
alternatives: (1) the optimal alignment of A[1 ...n-I] and
B[I ... m-L], plus the similarity between an and b-; (2) the
optimal alignment of A[1 ...n-I] and B[1 ...m}, plus the cost
of adding a gap on A; (3) the optimal alignment of A[1 ...n}
and B[I ... m-L], plus the cost of adding a gap on B; or (4) O.
In the affine gap model [12], opening a new gap is
penalized much more heavily than extending an existing
gap. This favors alignments having fewer long gaps over
those having many short gaps. Typically, the score
associated with opening a gap, 0, is set somewhere around 10, while the score for extending a gap, e, is set to about -2.
The implication of two separate gap penalties is that the
high cost of opening a gap is amortized over the length of
the gap. As such, it is generally not known whether the gap

2

Related work

There are numerous examples of FPGA-based
accelerators for local alignment, including those presented
in [13][14][15][16]. From the operational standpoint, they
differ based on the type of sequence comparison performed
(DNA or protein), the supported gap model (linear or
affine), and the supported sequence length. Protein
alignments demand more resources than DNA alignments,
and supporting an affine gap model is more complicated
than a constant or linear model. The maximum supported
sequence length also has a significant effect on the resource
requirements of an implementation. Our implementation
supports long protein alignments with an affine gap model,
making it very resource-intensive
among FPGA
implementations.

+0

H(i -1,) -1) + d(ai,bj)
.
HU,l)

The Smith-Waterman algorithm outputs the optimal
local alignment, which is the maximum value of matrix H.
The associated optimal alignment, if required, can be
recovered by tracing back through H, starting at the location
of the maximum value, until a value of 0 is encountered.
The complexity of the algorithm is O(mn).

3

The Smith-Waterman algorithm is a dynamic
programming method for identifying the optimal local
alignment between two sequences, A and B, where
At=a.a, ...an, B=b1b2 ... bm, A[1 ... ij=a.a, ...a, for i<n, and
B[1 ...j}=b1b2 •.. b, forj<m. The dynamic programming subproblem is governed by the following equations:
. .
GA (/,J)

will be worth creating until it has been extended to some
length. The dynamic programming algorithm must therefore
keep track of 3 alignments at all times: the current optimal
alignment, H, the optimal alignment constrained to end with
a gap on A, GA, and the optimal alignment constrained to
end with a gap on B, GB.

For number of shuffles, N, equal to 1000 [5][6][7][8].

Systolic arrays are overwhelmingly the processing
paradigm of choice for FPGA implementations of sequence
alignment algorithms. A systolic array is an interconnected
network of processing elements, or cells, in which each cell
takes data in from one or more of its neighbors, performs
some computation, and passes the results along to other
neighbors. Systolic arrays map well to FPGAs and are
useful in situations where data parallelism is abundant and
data dependencies are regular.
Typically, linear arrays are used to process a single
alignment at a time. Each cell holds on to a specific element
of A, while B streams through the array. While the
theoretical peak performance of linear systolic arrays is
often impressive, performance tends to be poor for short
sequences due to low utilization of processing elements.
This, in addition to data transfer overhead, is the reason
why FPGA implementations commonly report a large
discrepancy between the actual performance for short
sequences and the theoretical performance of the array as a
whole. In [15], various methods involving runtime
reconfiguration are proposed to adapt the array to the length
of the input query, in order to address the problem of low
utilization for long arrays. Our implementation, by contrast,
takes advantage of the task parallelism inherent in the
pairwise statistical significance estimation procedure and
uses straightforward architectural methods to minimize
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transfer overhead and improve array utilization with a
single FPGA configuration.

HT Read Interface

Recent advances in the programmability of Graphics
Processing Units (GPUs) have also given rise to highperformance local alignment implementations [17][ 18].
GPU implementations map individual alignment tasks to
lightweight GPU threads or thread blocks, and process a
large number of tasks concurrently. The GPU typically
needs thousands of active threads in order to distribute the
computation across its many processing elements and hide
memory access latency. The implementation in [17], for
example, indicates that 28,800 threads are optimal for
performance. These implementations thus perform well for
applications like database searches, where a very large
number of alignments are performed for a single query.
Pairwise statistical significance estimations, by contrast,
require a comparatively small number of alignments.
A few highly optimized software alignment
algorithms using Streaming Single Instruction Multiple
Data Extensions (SSE) have also been proposed. SSE is a
set of extensions to the x86 architecture that enable the
processor to perform an operation on multiple data elements
simultaneously. Using SSE extensions can yield sizeable
performance benefits for software routines exhibiting
abundant data parallelism. SSE implementations of local
alignment algorithms, such as the ones described in
[19][20][21], leverage SSE to simultaneously update
multiple cells in the similarity matrix.
The performance gains of SSE implementations are
due in large part to a compact representation of scores.
Since the value of any element in H stays smaller than 255
throughout many alignment tasks, representing scores as
bytes usually poses no problem. When an overflow is
detected for an alignment using byte representations, the
query is re-executed with 2-byte representations of scores.
In this way, the processor is able to simultaneously perform
either 16 operations when scores are represented as bytes,
or 8 operations when scores are represented as 2 bytes. The
efficiency gains from smaller score representations far
offset the penalty of reprocessing a small number of the
alignments. Further performance benefits can be achieved
by splitting the alignment tasks among multiple cores or
multiple processors.

4

Implementation

The alignment task for pairwise statistical significance
estimations has a very important feature: a fairly large
number of shuffles, or random permutations, of one
sequence, Seq 2, are aligned to a common sequence, Seq 1.
Because we are interested in the total time required to
compute all of these alignments, we are presented with two
opportunities for acceleration: computing each alignment
faster by exploiting data parallelism, or processing multiple
alignments simultaneously, taking advantage of task
parallelism.
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Figure 1: Accelerator Top View
The lengths of Seq1 and Seq2 are typically in the
neighborhood of a few hundred characters, and for
sequences this short, long systolic arrays tend to exhibit
poor performance due to low utilization. To address this
problem, we propose a flexible accelerator, shown in Figure
1, capable of behaving as a long array for long sequences or
multiple shorter arrays for shorter sequences. This
flexibility increases the performance of the accelerator for
short sequences without sacrificing performance for the
long sequences that may occasionally need to be processed.
By providing architectural support for dynamic allocation
of systolic cells, our flexible accelerator provides excellent
actual throughput for a wide range of sequence lengths with
a single FPGA bitstream configuration.

4.1

Pipelined systolic cell

A linear systolic array, which is the foundation of our
implementation, accelerates the computation of a single
alignment by exploiting data parallelism. We begin with a
basic systolic cell similar to those described in [15][16].
Each cell is capable of calculating H(i,j) for a fixed i at
every main clock cycle.
Pipelining the systolic cell, as shown in Figure 2,
improves operating frequency by breaking up its critical
path, and also provides the potential for an increase in
throughput. The resulting data hazard on H, introduced
because it now takes two cycles for the value of H to be
updated, can be avoided by concurrently processing pairs of
permutations, interleaving them as they are passed into the
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When the processing blocks are configured as
independent arrays, multiple pairs of permutations, which
we collectively refer to as permutation blocks, are
processed concurrently. By allowing multiple array
configurations, we are providing an opportunity to trade
task parallelism for data parallelism. Instead of permanently
devoting all of the systolic cells to the scoring of a single
alignment, we provide the option of distributing the
available resources to concurrently score multiple
alignments. This is an important feature for shorter
sequences, where using a single long array often results in
low utilization due to the natural filling and draining of the
systolic array, and also to mismatches between the length of
the common sequence and the number of systolic cells in
each array.
To support the dynamic array configuration, the multipass buffer, which holds intermediate data between passes
over Seq2, the read controllers, which direct the input
sequences into the array, and the output write controller,
which collects the output alignment scores, adapt their
behavior based on the current array configuration.

Figure 2: Pipe lined Systolic Cell
cells. In this situation, we are using the pipe lined systolic
cell to take advantage of task parallelism.

4.3

Processing overview

Connecting a series of systolic cells back-to-back
creates a basic linear systolic array. To process an
alignment with such an array, the common sequence is
shifted into the tail end of the array through cell input a_in.
A pair of permutations is then streamed through the head of
the array through cell input b_in. The maximum alignment
score seen by each cell shifts out of the tail end of the array
through the output M_out. The score of the alignment is the
maximum value seen on the M_out port at the tail end of
the array.

Now that we have described the major components of
the accelerator, we can step through the operation of the
accelerator as a whole. First, the pairwise statistical
significance estimation routine running on the CPU
configures the accelerator by writing the length of the
common sequence, the length of each permutation, the
penalty for opening a gap, the penalty for extending a gap,
the desired configuration of processing blocks, and the
number of permutations. The software transfers the contents
of the common sequence into buffer A of the accelerator,
followed by the first permutation block into buffer BO of
the accelerator.

The similarity matrix d is implemented by the LUT
component in Figure 2. The LUT is a block RAM
component initialized with the values of the desired matrix.
We use the general compression scheme presented in [16]
to reduce block RAM utilization. For our target device
family, the inputs to the block RAM are always registered.
We also register the output to balance the critical path of the
cell.

When the transfer of the first permutation block has
completed, the software directs a transfer of the next
permutation block into B 1 while the accelerator processes
the contents of BO. The software and the accelerator trade
buffers when they are both done with their respective tasks,
and perform their tasks again on the new buffers. This
process continues until all permutation blocks have been
dispatched the FPGA.

4.2

At this point, the software waits until the output write
controller signals the end of processing, and transfers the
output alignment scores from the output buffer of the
accelerator to the CPU's memory space.

Flexible array support

Instead of creating a single very long systolic array,
our implementation creates n smaller arrays, or processing
blocks, where n is a power of 2. At run-time, the processing
blocks can be configured as n independent arrays, as a
single large array, or some configuration in between the two
extremes. The configuration
is accomplished
by
multiplexing the inputs to the head and tail cells in each
processing block. The select signals of these multiplexers
are tied to a software-accessible register and are written
before the input data is dispatched to the accelerator.

5

Results

Our test system is an XtremeData XD I 000
Development system [22]. It is a Sun ULTRA 40
workstation in which one of the two processor sockets is
occupied by an Altera Stratix II EP2S180 FPGA [23]. The
other socket in the system holds an AMD Opteron 248
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processor, which controls 4 GB of the total 8 GB DDR
SDRAM on the system. The as on the development system
is Fedora Linux.
The FPGA implementation was compiled using the
Quartus II software suite, version 9.1. 256 total systolic
cells fit on the device, split into 8 processing blocks. The
design uses 92,528 LUTs, 77,288 registers, and 8.0 million
BRAM bits. It operates at 125 MHz and supports sequence
lengths up to 65,535. The processing blocks can be
configured as 1,2,4, or 8 independent arrays. The selection
of 8 as the maximum number of independent arrays was
made to provide a variety of potential configurations
without adversely affecting cell count and performance on
the target device. The substitution matrices implement the
BLOSUM62 matrix.
A common metric of performance in this problem
domain is a Cell Update Per Second (CUPS). A cell update
refers to the process of updating Hii.j) for a particular i and
j. Since our implementation is comprised of 256 cells, each
of which is capable of performing one cell update per clock
cycle, its peak performance is 32 billion CUPS (GCUPS).
To verify the functional correctness of the accelerator,
we compared the scores generated by the accelerator to the
scores generated by the software-only alignment task using
the same common sequence and sequence of permutation
blocks. Since the Smith-Waterman algorithm has a unique
solution for given inputs, it is guaranteed that the quality of
results for the pairwise statistical significance estimation
will be unaffected by the use of this accelerator.

5.1

Accelerator performance

Figure 3 plots the comparative performance of our
flexible accelerator. The numbers represent performance in
GCUPS for the alignment of a common sequence Seq 1
against 1000 permutations of an equal-length sequence
Seq2. The task of permuting Seq2 is excluded from this
analysis.
The line labeled "FPGA Flexible Array" plots the
performance of our flexible accelerator. The processing
blocks are configured as 8 arrays for sequences of length
less than 4096, 4 arrays for sequences of length less than
8192, 2 arrays for sequences of length less than 16384, and
1 array otherwise. In other words, we use maximum number
of arrays possible for the input length.
The line labeled "Software Baseline" plots the
performance of a sequential, scalar implementation of the
Smith-Waterman algorithm for protein sequences with
support for affine gaps. The runs were conducted on the
XD 1000 development system. This implementation
achieves at most 155 million CUPS (MCUPS).
The line labeled "Software FastFlow" measures the
performance of the implementation presented in [21] on a
test system equipped with an Intel Core 2 Quad Q6600
processor. To our knowledge, this is the fastest software
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Figure 3: Accelerator Performance for 1000 Alignments
implementation available as of this writing, and is even
capable of outperforming a GPU-based implementation
[18] for full database searches.
Direct comparisons between FPGA implementations
are difficult for a few reasons. First off, targeting DNA
sequences instead of protein sequences results in a simpler
cell design with much lower BRAM requirements. The
choice of gap model also has a substantial effect on the
complexity of the systolic cell design, with the affine gap
model requiring a more complicated cell than a constant or
linear gap model. Comparing GCUPS ratings from
implementations such as the ones in [13] and [14], which
operate on DNA and implement constant gap support, are
therefore not telling.
Additionally, reducing the maximum supported score
decreases the resource utilization of the systolic cell. This is
because the width of the data values being operated on
determines the resources needed to implement each addition
and max operation, as well as the cell's register count. Since
the systolic cells collectively account for the vast majority
of resources used by the accelerator, decreasing their
resource utilization allows for more cells on the device and
higher peak performance. On top of all this, the resources
available on the target FPGA, as well as the operating
frequency allowed by the FPGA, are huge determining
factors of the accelerator's performance.
Qualitatively, compared to the linear array presented
in [15], our flexible array supports longer query sequences
and achieves better peak performance, albeit with a larger
FPGA. The supported query (common sequence) length for
our implementation is also not constrained by the number of
systolic cells, so our implementation does not require
runtime reconfiguration for varying query lengths.
The implementation presented in [16] provides a good
quantitative comparison to our flexible array. Like our
accelerator, it handles protein sequences and supports the
affine gap model. It also handles similar sequence lengths
(65536). The cell design is highly optimized, and, most
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Table 2: End-to-end Speedup

importantly, it targets the same FPGA and host platform
that we do, allowing an evaluation of the design and not the
FPGA capacity and platform overhead. The line labeled
"FPGA
linear" plots the performance
of this
implementation based on reported results. These
extrapolated numbers assume that computing N alignments
would take N times as long as computing a single
alignment. It should be noted that this is most likely a
pessimistic assumption, since configuration registers and
the common sequence should only need to be transferred to
the accelerator for the first alignment. As a result, the
performance for very short queries may be underestimated
to some extent.
The performance results indicate that our flexible
array offers significant performance advantages over
software and single linear systolic arrays. The single linear
array fails to outperform the FastFlow implementation for
sequences under length 4096 in this case, while our flexible
array is significantly faster over the entire input space, and
achieves 84% of its peak throughput for sequences as short
as 256 residues.
For our flexible array, the primary performance limiter
for short sequences is the large contribution of data transfer
overhead. The data cannot be supplied to the FPGA fast
enough when sequences are very short. Also, the overhead
associated with configuring the accelerator, transferring
inputs and results, and managing the state of the accelerator
amount to a higher percentage of total execution time when
the sequences are short.
Increasing the number of permutations, N, beyond
1000, will have no negative effect on the average
throughput of our flexible array. The time required to
dispatch and compute 2N permutations is twice the time
required to compute N permutations. But the costs of
initializing the FPGA for computation, dispatching the first
permutation block to the FPGA, and reading the results
back from the FPGA, are amortized over twice the
computation time. Decreasing N, inversely, results in
overhead being amortized over fewer cycles and causes a
drop in average throughput.

5.2

Application speedup

Table 2 displays the end-to-end speedup for the
pairwise statistical significance estimation algorithm over a
sequential, scalar software implementation. For these tests,
the processing blocks were again set as multiple
independent arrays.
In general, the results indicate substantial speedups.
Shorter sequences see lower speedups because the speedup
for the alignment task is limited by data transfer overhead,
and because the unaccelerated shuffling task accounts for a
higher percentage of the overall execution time.

Sequence
Length
128
256
512
1024
2048
4096
8192
16384

6

Software
Time (s)
.113
.441
1.74
6.12
27.6
110
450
1,860

Accelerated
Time (s)
.00456
.00859
.0167
.0344
.136
.538
2.15
8.59

Speedup
24.8
51.4
104
201
204
205
209
216

Conclusions and future work

In this paper, we have described an efficient pairwise
statistical significance
estimator using an FPGA
coprocessor. Our flexible systolic array is capable of
selectively trading off task-level parallelism for data
parallelism, providing high throughputs for short sequences
without sacrificing performance for long sequences. The
configuration of the array can be adjusted at run-time by
simply writing a register value to the FPGA, and does not
require the FPGA to be reconfigured at runtime. We have
demonstrated measured performance as high as 32 GCUPS
for the accelerator, and have shown resulting end-to-end
speedups over 200x.
This implementation can be readily applied to small
database searches, for which pairwise statistical
significance has been shown to give significantly better
results than popular database search programs like BLAST,
PSI-BLAST, and SSEARCH. Alternatively, it can be used
to refine the results returned by these tools.
Also, the general task of query database searches, as is
done with tools like FAST A and SSEARCH, is similar in
nature to the alignment task of the pairwise statistical
significance estimation procedure, in that both require the
alignment of a common sequence against many other
sequences. The parallelization methods implemented here
can be applied toward database searches by concurrently
processing database sequences of similar lengths against the
common query sequence. Doing so should provide similar
performance benefits for short sequences.
Our current FPGA implementation is designed to
work for standard Smith-Waterman local alignment with
affine gap penalties, and standard substitution matrices.
Future work includes extending the design to incorporate
more biologically relevant features in the pairwise statistical
significance estimation procedure, such as the use of
multiple parameter sets, and sequence- and position-specific
substitution matrices.
We are also investigating methods for improving our
accelerator. For example, the arithmetic units in the
processing elements can be replaced by connected pairs of
arithmetic units in order to handle either two independent
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operations with a small range of values, or a single
operation at a larger range. This would have a minimal
impact on resource utilization because it only requires a few
multiplexers. Much like existing SSE implementations, all
permutations would be run through the coprocessor at the
lower range, and any failing alignments would be rerun at
full range. Since the scores generated during the alignment
task of the pairwise statistical significance estimation
routine are typically very small, very few alignments would
need to be reprocessed.
Finally, we are working on moving the shuffling task
onto the FPGA, in order to reduce transfer overhead and
accelerate the shuffling process itself. This should improve
the end-to-end speedup of the pairwise statistical
significance estimation routine.

7
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Electrical Properties of Hydrogels from Non-Equilibrium
Molecular Dynamics
J. R. Feldkamp
Corporate Research & Engineering, Kimberly-Clark, Neenah, WI, 54956 USA

Abstract - Considering a molecular dynamics simulation box
and its periodic extension as quasi-infinite, relationships
derived from thermodynamics are used to compute dielectric
constant and electrical conductivity of a hydrogel and simple
reference systems from NVE, non-equilibrium molecular
dynamics simulations. Dielectric constants computed for
water, when either the Amber-Cornell or Dreiding force fields
are used, were 121 and 80.7 respectively, thus validating the
approach. Electrical conductivity of 0.9% w/w NaCl was
found to be 4.6 S/m, too large by about a factor of two,
presumed due to a Wien effect. Conductivity of a cross-linked
sodium polyacrylate hydrogel, containing 3.9 M sodium ion,
was computed to be 9.3 S/m, which compares favorably with
8.5 S/m obtained by using Na ion average drift velocity.
Dielectric constant was also obtained for the hydrogel, by
freezing sodium ion motion so that polarization work alone
would occur.
Keywords: Molecular Dynamics, Electrical Properties

1

Introduction

Novel materials often owe their uniqueness to the electrical
properties they exhibit when in use. Key properties are the
dielectric constant and electrical conductivity. Equilibrium
molecular dynamics has provided a strategy for computing
dielectric constants of polar molecules, either in pure form or
in mixtures, based upon calculation of total dipole moment
fluctuations in the simulation box [1]. Here we explore an
alternate approach that uses the molecular dynamics (MD)
package LAMMPS (large-scale atomic/molecular massively
parallel simulator; [2]) to impose an external electric field on
the system of interest and interpret the response through
appropriate thermodynamic results. Because of the externally
imposed force, non-equilibrium MD is used to compute not
only the dielectric constant, but also the electrical conductivity
of polyampholytes using well-known results from
thermodynamics. Conductivity is usually obtained from the
computed average drift velocities of each mobile ion in the
system. Here, we obtain conductivity from a thermodynamic
result, treating the simulation box and its periodic extension as
a macroscopic system. Results from the two differing
approaches are briefly compared.

The next section reviews the thermodynamics of
dielectric materials placed into regions of space occupied by
an electric field. As the thermodynamics of dielectrics is
customarily presented, electric displacement is kept fixed
while the material of interest is placed into the field. In order
to use LAMMPS as planned, however, we need to work out a
corresponding thermodynamics treatment applicable under
conditions whereby the electric field, rather than
displacement, is kept fixed when the material is placed into
the field. The strategy so developed is applied first to water
and saline, just to demonstrate the approach, but then to a
cross-linked polyacrylate hydrogel to demonstrate utility in
computing both dielectric constant and electrical conductivity.

2

Dielectric Material Thermodynamics

Applied to constant volume systems where no pressurevolume (PV) work is possible, the first law of
Thermodynamics is

dU  TdS  Wel

(1)

Non PV, path-dependent electrical work done on the system is
represented by  Wel . Commonly, this will include two
components of electrical work, one resulting from Joule
heating due to ionic transport, and the other due to dielectric
polarization in an electrical field. For a non-conductive
material, the electrical work done on a dielectric-containing
system to establish an electric field is





Wel   E   D d 3 x

(2)

The macroscopic electric field and displacement vectors are



E and D , respectively, with integration required over all

space where the field is non-zero. If electrical work were
computed both in the presence and absence of a dielectric, the
difference is the work of polarization ([3] Lewis & Randall,
1961; pp. 499-500), and gives just the work done on the
dielectric itself:







Wel    E  E    D d 3 x  0

(3)
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A distinguishing feature of this work calculation is that the
macroscopic electric field is expected to be diminished in the
dielectric compared to free space while the electric
displacement vector is brought to the same final value
regardless of the presence or absence of dielectric. Thus,
equation 3 would apply to any situation that places a dielectric
in between a pair of parallel, perfectly conducting plates
which have a fixed, uniform charge imposed upon them.
Then, electric displacement remains unchanged upon insertion
of a dielectric material but the electric field drops in
proportion to the magnitude of the dielectric constant.
Alternatively, one could insist on the same electric
field in dielectric and free space, recognizing that the electric
displacement would then have to differ. Such a situation
arises when a capacitor is connected to a fixed external source,
such as a battery, and electric charge adjusts to maintain a
fixed potential drop while a dielectric is put into place. This
more nearly matches what happens in LAMMPS molecular
dynamics where the imposed electric field remains unchanged
throughout a simulation. Even though molecules reorient in
the presence of the field and produce a substantial
depolarizing field, LAMMPS does not “know” about this but
instead continues to apply the same electric field to all charged
atoms and ions with the passage of time.
To develop a thermodynamic approach more
appropriate for LAMMPS molecular dynamics, consider again
the electrical work associated with establishing an electric
field in the presence of a dielectric which is considered to be
linear, with permittivity  :





W    E   E d 3 x 

1
  E 2 d 3x

2

(4)

Letting the final established electric field be the same, whether
dielectric is present or not, the work of polarization done on
the system (dielectric) is now:

1
1
 W         E 2 d 3 x     o V  E 2
2
2

(5)

For an adiabatic (constant entropy) process, the change in
internal energy per unit volume is just:

1
U   o  K  1 E 2  0
2

(6)

The electric field of equation (6) is taken to be the same
electric field that would be applied in a LAMMPS molecular
dynamics simulation. Regardless of whether or not electric
field or electric displacement is kept constant while inserting a
dielectric into a field, temperature is expected to increase
during application of an electric field. For the sake of
completeness, this is briefly discussed in the Appendix.
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If, in addition to molecular polarization, ions are
available for conducting electrical current, the internal energy
is expected to increase with time, at a rate given by:



dU  
 J  E  g E 2 ; Ohm ' s law : J  gE
(7)
dt


Current density is given by the vector J , electric field by E ,
and conductivity by g . Equation (6) suggests a brief, but
fixed increase in internal energy during the time period while
molecules orient in the electric field, while equation (7)
indicates a steady internal energy rise, essentially linear, over
the passage of time. Of course, as temperature rises, the rate
of increase is expected to increase. Formulas (6) & (7) are
now demonstrated, first with very simple systems that test
accuracy, and then for the intended system – that of a
hydrogel.

3

NEMD Applied to Two Test Systems

To test the approach suggested by the foregoing
discussion, we first consider pure water and then an aqueous
solution of sodium chloride. A variety of parameter sets are
available to describe the forces between atoms. Likewise,
fractional atomic charges may be assigned in a variety of
ways. Here, we test both the Amber-Cornell and Dreiding
force fields while Mulliken charges are assigned to the oxygen
and hydrogen atoms of water as the result of a TURBOMOLE
quantum calculation [4]. The latter was performed for a
single water molecule in vacuum, using the 6-311G** basis
set for oxygen and the 6-311G basis set for hydrogen.
Oxygen charge was set at -0.8668 and hydrogen at +0.4334.
Alternatively, -0.84 and +0.42 were also tried with the
Amber-Cornell force field just to see the impact on results –
these are very nearly the charges implemented by the TIP3
model.
Before applying an electric field of 0.04 volt/angstrom in
a LAMMPS NVE simulation, a simulation box containing
1000 water molecules was prepared and equilibrated using a
LAMMPS NPT simulation, at temperature 298 K and
pressure 101.3 kPa for a time period of about 0.5ns. Though
the electric field used in the simulation is very high, it is still
not so high that dielectric saturation results – note that the
ratio appearing in the Langevin-Debye formula,
 E kT  0.6 is less than one, suggesting that the threshold
for saturation is not yet reached [5]. The total energy during
the course of time for the water system with electric field
applied is shown in figure 1. A rather abrupt rise, indicating
rapid reorientation of water molecules, is followed by a flat
trajectory. Using the total energy change from time zero, out
to the plateau, dielectric constant is computed from equation
(6) as 121 (Amber-Cornell force field). Using the Dreiding
force field with the same charges as before, dielectric constant
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is computed to be 80.7, indicating that results are expected to
vary, depending upon choice of force field. Reduction of
fractional charges further reduces the computed dielectric
constant – in the case of Amber-Cornell, reducing fractional
charge on Hydrogen from 0.4334 to 0.42 reduces the
computed dielectric constant to 108.3.

Figure 2: NEMD simulation of 0.9% aqueous NaCl; electric
field = 0.02 V/Angstrom.

4
Figure 1: NEMD simulation for water (NVE), with applied
electric field equal to 0.04 V/Angstrom.
A second simple simulation was done on aqueous NaCl, at
0.9% w/w. The system consisted of 2000 water molecules and
six each of sodium and chloride ions. The Dreiding force
field was used, together with the higher fractional atomic
charges on water, as specified earlier. An NPT simulation was
used to equilibrate the system, with the density reaching
essentially 1.0 g/cc. Subsequently, a 400 ps NVE simulation
was done with an applied electric field of 0.02 volts/angstrom
– the results of total energy rise are shown in figure 2. Using
just the linear portion of the curve, following the abrupt jump
due to water polarization, conductivity was computed equal to
about 4.6 S/m. Even with small, reasonable tweaks to force
field parameters or fractional atomic charges, electrical
conductivity is about a factor of two higher than the expected
value of about 2.0 S/m. The latter conductivity is that
appropriate for a temperature of about 310 K – note that
temperature rises to about 315 K during the simulation (Joule
heating effect).
Higher than expected electrical conductivity may be
reconciled if we consider the extraordinarily high electric field
used in the simulation. Ordinarily, a Wien effect commences
when field strengths reach about 0.001 volt/Angstrom. Field
strength could be decreased, but that would increase
simulation time. Preferably, several simulations would be
done at a number of field strengths, followed by extrapolation
to zero field. However, this was not done here.

NEMD Applied to Hydrogels

Given the encouraging results with the simple systems of
the preceding section, we apply the same strategy here on a
cross-linked polyacrylate hydrogel. For MD simulation
purposes, the polymeric component consists of two strands of
polyacrylate with a single cross-link, each strand consisting of
43 acrylic acid units. Because of force field limitations, the
silicon atoms of the cross-link were replaced with carbon
atoms. Figure 3 gives a chemical drawing of the two-stranded
unit, while figure 4 shows the cross-linked macromolecule
after geometric optimization using the Dreiding force field.

O
+

Na-O

O
HO

O

O

RO Si OR
O
RO Si OR

O

OH
O

O-Na+

O
O

R = H, CH3, Si-polymer

Figure 3: Chemical Sketch of the Cross-Linked Polyacrylate
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Figure 4: Cross-linked structure after optimization
The two strands of polyacrylate together consist of 84
ionizable sites, of which 56 are ionized, leading to a system
that is 2/3 ionized. Note that one site is used up on each
strand for cross-linking so that ionization is unavailable there.
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Packing of the polymeric strands, water and sodium ions,
after the NPT simulation is shown in figure 6. Once
equilibrated, an electric field, of strength 0.02 volt/angstrom is
applied while NVE conditions are imposed. Total energy and
temperature rise over the duration of the 0.5 ns molecular
dynamics simulation are shown together in figure 7. Note that
there is an initial, abrupt rise in energy at the beginning, but
with a near linear rise in total energy observed thereafter.
Using the linear region, along with equation (7), electrical
conductivity is computed to be 9.3 S/m. This conductivity is
comparable to a NaCl aqueous solution of about 1.2M, or a
mobile ion concentration of 2.4M (i.e., including chloride).
Given that the sodium ion concentration in the hydrogel is
3.9M, also the mobile ion concentration if migration of
polyacrylate is neglected, the computed conductivity in the
hydrogel indicates significant hindering of sodium ion
migration. This follows since the computed conductivity of
hydrogel is far less than that of a NaCl solution having half the
3.9M concentration.

To build the hydrogel, four of the units depicted in figure 4,
together with 224 sodium atoms (for electroneutrality) and
1500 waters are assembled into the simulation box at a density
of 1.0 g/cc. These water molecules will hydrate sodium ions
and ionized COOH groups. After geometrical optimization of
the system in LAMMPS, a LAMMPS NPT simulation was run
for 0.5 ns, with results shown in figure 5. A Dreiding force
field was used and fractional atomic charges on water were set
as described above for the pure water system. As shown, the
system reaches an equilibrium density of about 1.29 g/cc, and
simulation box size of 74354 Ao3.

Figure 6 : Simulation box for hydrogel after 0.5 ns of NPT
molecular dynamics

As an alternative to computing conductivity from internal
energy changes, as suggested by equation (7), ion mobility can
be obtained from a computation of ion velocity. Ion mobility
is then used to obtain conductivity. This was done as a check
on the value just obtained. Figure 8 shows the root mean
square displacement of sodium ion during the simulation.

Figure 5: Energy and density of hydrogel during NPT
simulation – box is maintained in shape of cube during
simulation, with 101.3 kPa external pressure and 298K
temperature. (Upper curve – density)

Fitting to the simple equation A t  Bt , where B represents
the electrophoretic velocity of sodium ion, sodium ion velocity
is found to be 0.0354 Ao/ps. From this, we calculate a
mobility of 1.77(10)-4cm2/s. Conductivity is then found to be
8.5 S/m, a little lower than the value of 9.3 S/m found from the
thermodynamic result on internal energy change.
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possible to also directly constrain the movement of
carboxylate groups on polymeric strands, this was not done.
Figure 9 shows the results of performing an NVE molecular
dynamics simulation on the hydrogel, but with sodium ions
constrained. Straightforward computation of the dielectric
constant from equation (6) leads to a value of 34.0. Dreiding
force field parameters were used, along with a 0.4334
fractional charge on water hydrogen. Water concentration in
the simulation box is 33.5 M, which is about 60% of that for
pure water (55.5 M). The computed dielectric constant of
34.0 is considerably less than 60% of the 80.7 value
previously computed for pure water, suggesting strong
interaction of water with neighboring ions and polymer chains.

Figure 7: Energy and temperature during NVE simulation of
hydrogel. Electric field = 0.02 V/Ao. Lower curve = Energy.

RMS Sodium Ion Displacement (Ao)

30
MD Simulation
Fit - Extract Mobility

20

10

Figure 9: Energy during NVE simulation for hydrogel, but
with sodium ions held fixed in position. Computed dielectric
constant is 34.0
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Figure 8: RMS displacement of Na ion in hydrogel during
NVE simulation. A simple fit is used to get Na ion velocity.
In addition to conductivity, it is likely desirable to determine
the dielectric constant. However, applying the electric field
causes ions to move at the same time polar molecules orient
themselves in the field. Though not possible in experiment,
LAMMPS molecular dynamics simulations may be run
whereby sodium ions are constrained to remain fixed in
position. Presumably, movement of the polymeric strands
during the brief timeframe of the simulation is also
constrained due to the necessity of charge balance. Though

Conclusions

As shown with numerous examples, it is possible to use
the results of thermodynamics, under adiabatic conditions, to
interpret the energy changes in non-equilibrium NVE
molecular dynamics simulations so as to obtain key electrical
properties of arbitrary systems. As shown in the appendix,
there will be a small but possibly appreciable temperature rise
during the simulation. Thus, since properties such as
dielectric constant and conductivity are temperature
dependent, it is important to keep the applied electric field, as
specified in LAMMPS, sufficiently small that large
temperature excursions during the MD simulation don’t occur.
Nevertheless, in spite of the modest temperature increases
observed here, NEMD was able to reproduce the properties of
water, salt solutions and hydrogel with satisfactory accuracy.
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7

Appendix

Subscripts indicate independent variables which are held
constant under differentiation. Thus, for dielectrics that
exhibit a drop in dielectric constant with increased
temperature, entropy will decrease upon application of an
electric field under isothermal conditions. This should not be
surprising inasmuch as the system becomes more ordered.

of

Of interest is any temperature rise in response to application
an electrical field under adiabatic conditions.

Letting S  S (T ,V , D
entropy change as:

dS 




dA   SdT   E   E    D d 3 x





V 1 1 
  SdT      D 2
2   0 

) , we construct the differential

(11)

If we continue using the constraint of constant volume, the
middle term is zero, while the first term is readily recognized
as the constant volume heat capacity, divided by temperature.
The last derivative is available from equation (10), giving:

CV
1  1
dT  V
dD 2
T
2 T

(12)

If adiabatic conditions exist, the entropy remains constant,
which gives for the infinitesimal temperature rise:

(8)

dT 

For a linear isotropic dielectric, (8) can be written

1 1   
dA   SdT      D   D d 3 x
  0 

2

S
S
S
dT 
dV 
dD 2
2
T
V
D

dS 

If using the Helmholtz free energy instead of internal
energy, A  U  TS , we get from equations (1) and (3) that

(10)

(9)

Equation

 (9) holds for a linear dielectric,
obeying D   E where  is the electric permittivity of the
dielectric. The final form in equation (9) results if the field is
space-independent. Note that the electric work term results in
a reduction of the Helmholz free energy under isothermal
conditions.
Using a “Maxwell” relation on equation (9), we can see
how entropy is affected by changes in the electrical
displacement:

T  1
dD 2
2CV T

(13)

Bear in mind that the set of independent variables is
temperature, volume and electric displacement, so any partial
differentiation with respect to one of these holds the
remaining two fixed. Constant volume heat capacity, per unit
volume, is represented by CV .

For most materials,

permittivity decreases with increasing temperature, so
equation (13) predicts a rise in temperature in response to
application of an electric field, though miniscule for typical
field strengths. Thus, in running NEMD simulations on most
dielectrics, a temperature rise is expected, and was observed
here.
Further background on heating effects due to
application of an electric field can be found in Panofsky and
Phillips [6] (pp. 100-101).
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On Complexity of Transforming Strings
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Abstract - Genes can be modeled by strings defined over a
finite alphabet. Pevzner and Waterman posed various
problems pertaining to DNA (a string with an alphabet of size
four), i.e. DNA physical mapping, DNA sequencing, and DNA
sequence comparison (mimicking genetic mutations). Genetic
mutations, the changes that happen within a gene, can be
modeled by operations like transpositions and reversals over
strings. The complexity of transforming strings under such
operations is of primary interest. We show that the string
transformation distance under cut-and-paste moves, prefix
reversal/transpositions, and translocations is NP-complete.
Keywords: Bio-computation, computational complexity,
genetic mutations, string transformations

1

Introduction

The medical community endeavors to treat various malign
conditions and diseases arising from genetic mutations
(changes that happen within a set of genes). Such mutations
can cause errors in protein sequences; such errors can
adversely affect the functionality of the expressed proteins. If
the affected protein is critical then a medical condition occurs.
A particular gene within a genome can be represented by a
string drawn from an alphabet of size four {A,G,C,T}. This
motivates the study of different operations that model
mutations on strings defined over a finite alphabet.
In 1995 Pevzner and Waterman [18] introduced various
problems on DNA (modeled as a string over an alphabet of
size four). They list problems about DNA physical mapping,
DNA sequencing, and DNA sequence comparison.
The problem of transforming strings (only the strings with
equal length that can be transformed into one another with a
certain operation are considered, i.e. compatible strings) over
a finite alphabet was studied by Christie and Irving [4] and
later by Radcliffe et al. [19]. The distance between a pair of
sequences S and T, d♦(S,T), is defined as the minimum
number of ♦ operations (e.g. reversals, transpositions) needed
to transform S into T. In searching for solutions to d♦(S,T), the
complexity of d♦(S,T) is of fundamental interest. Christie and
Irving [4] showed that the problem of finding the exact
reversal distance between two binary strings S and T, dr(S,T),
is NP-complete. Signed reversals are defined as the reversals
where the signs of the reversed elements change after the
reversal; e.g., signed reversal of the entire string (0,-1,2,-0,1)
yields (-1,0,-2,1,-0). The signed reversal distance between
two sequences S and T, dsr(S,T), is the minimum number of
signed reversals required to transform S into T. Radcliffe et al.

[19] showed that the problems of finding the transposition
distance, dt(S,T), and the problem of finding the signed
reversal distance, dsr(S,T), between two strings over a finite
alphabet are NP-hard. Independently, Hurkens et al. [13] and
Chitturi and Sudborough [2] showed that the prefix reversal
distance over strings, dpr(S,T), is NP-complete. In [3] Chitturi
and Sudborough showed that computing the prefix
transposition distance for strings, dpt(S,T), is NP-complete.
Radcliffe et al. [19] proved the NP-completeness of dt(S,T)
over quaternary strings. Additionally, they gave a mapping
that converts any given quaternary string into a binary string
such that the transposition distance between a given pair of
quaternary strings and the mapped binary strings is the same.
Thus, dt(S,T) for binary strings is NP-complete. We reduce
3-Partition directly to dt(S,T), where S, T are ternary strings
(we give a new proof).
A cut-and-paste move, i.e. cp-move, consists of cutting a
substring of a given string S, possibly reversing it, and then
pasting it back into S at any position. Similarly, a prefix
reversal/transposition, which we call a prt-move is defined
where the substring that is cut is restricted to a prefix of S. A
translocation simply exchanges the ends of two given strings
[14]. Cranston et al. [7] gave a lower bound of n/2 and an
upper bound of 2n/3 for cp-moves on permutations of length
n. We study the transformation distance between S and T with
cp-moves: dcp(S,T), prt-moves: dprt(S,T), and translocations:
dl(S,T), on strings. We show that dcp(S,T), dprt(S,T) and dl (S,T)
are NP-complete.
We denote the reverse of a given string α by αR. Given two
strings π and σ, we denote a move by π → σ. A string drawn
from the alphabet ∑ has all the symbols of ∑ unless specified
otherwise; i.e. a k-ary string is not referred to as a (k+1)-ary
string. A small case letter indicates a symbol and a capital
letter indicates an arbitrary string. Two adjacent symbols form
an adjacency. For example, the string xyz over {x,y,z} has
one xy adjacency and one yz adjacency. For a move ♦, we
define μ♦ as the maximum number of adjacencies that can be
made by it. We use the standard notation of regular
expressions: a* represents zero or more a’s and a+ denotes one
or more a’s.
We reduce 3-Partition to d♦(S,T) (the transformation
distance under ♦ operation) to prove that d♦(S,T) is NP-hard.
Garey and Johnson [9] proved that 3-Partition is strongly
NP-complete. Therefore, even if 3-Partition reduces to a
problem P by a pseudo polynomial reduction then P is NPhard. 3–Partition is defined next [9].
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Instance: Given a set A = { b1, b2,…,b3m}, a positive integer
bound B, and a positive integer size s(bi)= ai, for each bi in A,
such that B/4 < ai < B/2 and for all bi∈A, ∑s(bi) = mB.
Question: Can A be partitioned into m disjoint sets A1,
A2,…,Am such that for all i (1 ≤ i ≤ m), for all b∈Ai ∑s(b)= B,
i.e., the sum of the sizes of elements in set Ai equals B?
In Section 2 we show that the transposition distance for
ternary strings is NP-complete by a direct reduction from
3-Partition. This is an improvement over the previous
reduction that uses quaternary strings because reduction to a
problem defined on strings with fewer symbols is harder.
Sections 3 and 4 give new results. In Section 3 we show that
cut-and-paste distance and prefix reversal/transposition
distance for strings are NP-complete. In Section 4 we show
that translocation distance for ternary strings is NP-complete.
Section 5 we give conclusions and future work.

2

Complexity of transposition

We model the transposition distance over ternary strings,
dt(S,T), as a decision problem, denoted by TT. By reducing
3–Partition to TT we show that TT is NP-complete. A
transposition can create at most one adjacency at the origin of
the transposed substring and two adjacencies at the
destination position. Thus, the maximum number of
adjacencies, μt =3.
Ternary transposition distance problem (TT)
Instance: A ternary string S and a string T compatible with S
of given length, and a positive integer bound d.
Question: Is dt(S,T) ≤ d?
Theorem 1. TT is NP-complete.
Proof: TT is in NP because, given a solution sequence of a
given length (O(|S|)), the transpositions can be executed in
polynomial time. Then one can verify in polynomial time
whether the resultant string from S is T or not. Let I be an
instance of 3–Partition consisting of A = {b1,b2,…b3m}, the
integer bound B, and for all the indices ‘j’ the value s(bj) = aj.
From the instance I an instance I* of TT is constructed where
S = 210 a 210 a .. 210 a 210 a 2 (10 ) m ,
T = 23m+1(14 0B+1)m, and
d = 3m.
Each 0 block of in S represents an element bi and the
number of ‘0’s is equal to ai.
Let the string 210 a1 210 a 2 .. 210 a 3 m −1 210 a 3 m 2 (10 ) m be the
head of S and (10)m be the tail of S. All m pairs of original
‘10’ blocks in the tail of S are receptacles. An unused
receptacle is a receptacle not involved in a transposition. A
singly used receptacle is a receptacle involved in one
transposition. A doubly used receptacle is the receptacle
involved in two transpositions.
We show that 3m moves are necessary. Consider the
adjacencies in S. The number of ‘00’ adjacencies in 0mB is
mB–1. The total number of ‘00’ adjacencies in all 0 blocks
concatenated is mB–1–(3m–1) = mB–3m. The number of ‘11’
and ‘22’ adjacencies in S is 0.
1

2

3 m −1

3m
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Consider the adjacencies in T. The number of ‘00’
adjacencies in 0B+1 is B. So, the number of ‘00’ adjacencies in
(140B+1)m is mB. The total number of ‘11’ adjacencies in 14 is
3. So, the total number of ‘11’ adjacencies in (140B+1)m is 3m.
The number of ‘22’ adjacencies in T is 3m. T has 3m more
‘00’ adjacencies, 3m more ‘11’ adjacencies and 3m more ‘22’
adjacencies than S. Therefore, T has 9m adjacencies that are
not in S. Each move can increase the number of adjacencies
by at most 3. Therefore, 3m moves are necessary.
We complete the proof by showing a reduction from
3-Partition. We show that S can be transformed into T in 3m
moves if and only if 3–Partition has a solution. The two
conditions that must be satisfied are (a) if S can be
transformed into T in 3m moves then 3-Partition has a
solution and (b) if 3-Partition has a solution then S transforms
into T in 3m moves.
First we show that condition (a) holds. Since S is
transformed into T using the minimum number of moves, no
0-block can be split. Notice that for all values of i, ai > B/4
and ai is an integer. Therefore, any four original blocks of
zeros corresponding to ai’s concatenated will form a block
with at least B+4 zeros. Also, if two 0 blocks of S and one
‘10’ block are merged together with transpositions, then the
total number of zeros they can produce is at most B–1.
Therefore, each 0 block in T is formed from exactly three 0
blocks of S. So, we can list the moves made by TT and
observe which 0 blocks corresponding to which three ai’s are
combined together, i.e. {ai1,ai2,ai3}; m such triples give the
solution for 3–Partition. Therefore, condition (a) is satisfied.
Condition (b) specifies that if 3-Partition has a solution
then S transforms into T in 3m moves. Let aj1+aj2+aj3=B. We
define the components (strings) 10 a j1 , 10 a j 2 , and 10 a j 3 to be
partners of each other. The members (components) of each
a +a
pair { 10 a j1 , 10 a j 2 + a j 3 }, { 10 a j 2 , 10 j 1 j 3 } and { 10 a j 3 , 10 a j1 + a j 2 }
are also partners of each other. Based on the number of
original ai’s in the exponent of ‘0’ the partner is either a
single or a dual. Ternary_Transposition(S,T) transforms S
into T in 3m moves. The moved substring is enclosed in
square brackets and the destination position is indicated by an
asterisk *.
Ternary_Transposition (S,T)
Step 1) Move the first component into the first receptacle:
a1

]210

2

a2

21 … 10 12 ...10

2 10

a2

21 … 2 10 a i 21 ... 210

2[10

ai

a 3m

2

21 0

a 3m

a 1 +1

21 * 0(10)

(10)

m -1

→

m -1

Step 2) Let the string begin with 2x 10 ai . Execute Case (2.1) or
Case (2.2) as appropriate for 3m–1 iterations:
Case (2.1) None of the partners of 1 0 ai are transposed. Then
1 0 ai is transposed into the leftmost unused receptacle by the
move: 2 x [10 a ]210 a 21... 210 a 2(1 + 0 + ) + 1 * 0 (10) k →
i

2 x + 110

a i +1

21... 210

i +1

a 3m

3m

2 (1 + 0 + ) + 1 2 0 a

i

+1

(10)

k

Case (2.2) At least one partner of 1 0 ai is transposed into a
receptacle yielding Case (2.2a) and Case (2.2b):
Case (2.2a) A single partner of 1 0 ai , say 1 0 a j , is transposed
into a receptacle. Execute the move:
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2 x [10
2

x +1

10

ai

]210

a i +1

a i +1

21..210

a 3m

(1 + 0 + ) * 1 2 * 0

a 3m

21.. 210

+

+

3

2 (1 0 ) * 1 * 0

a j +1

a j + ai +1

(1 + 0 + ) * (10 ) k →
+

+

*

(1 0 ) (10 )

k

ai

Case (2.2.b) A dual partner of 1 0 , 10x, (x + ai =B) is
transposed into a receptacle. Execute the move:
2 y [10

ai

]210

→ 2 y + 110

a i +1

a i +1

21.. 210

21.. 210

a 3m

a 3m

2(1 + 0 + ) * 1 3 * 0

x +1

(1 + 0 + ) * (10 ) k (10 ) k

2 (11 + 0 + ) * 1 4 0 B + 1 (1 + 0 + ) * (10 ) k

At the end of 3m moves S is transformed into T. Since
•
both conditions (a) and (b) hold, TT is NP-complete.

3

Prefix reversal/transpositions and
cut-and-paste moves

A cut-and-paste move (Cranston et al. [7]) consists of
cutting a substring from a given string S, possibly reversing it,
and then pasting it back into S at any position. This was also
studied (called reversal/transposition) on signed permutations
by Gu et al. [11] who gave an approximation ratio of 2, and
Lin and Xue [17] who also gave a general approximation ratio
of 2 and a ratio of 7/4 for a special case.
We study the cut-and-paste move (cp-move) and the prefix
reversal/transposition (prt-move) on strings. A prt-move
consists of moving (cutting) a prefix of a given string S,
possibly reversing it, and then placing it back either (a) at the
same position, or (b) at a different position. Choice (a) yields
the original string or a string after one prefix reversal. Choice
(b) yields a string after a simple prefix transposition or a
string in which a prefix is simultaneously transposed and
reversed. Since a prefix is always involved in a prt-move, a
prt-move is a restricted version of a cp-move. For all k-ary (k
>1) strings, a prt-move makes at most two new adjacencies.
We show that: (a) transforming a binary string into a
compatible string using prt-moves is NP-complete, (b)
transforming a binary string into a compatible string using
cp-moves is NP-complete, and (c) transforming a ternary
string into a compatible string using cp-moves is
NP-complete. Cut-and-paste moves on k–ary strings (k > 2)
can create three new adjacencies in one move, whereas only
two new adjacencies can be made for binary strings.
Therefore, we give complexity results for both binary and
ternary versions of this problem. Showing (a), (b), and (c)
proves that the prt-move distance and the cut-and-paste move
distance for k–ary (k >1) strings are NP-complete.
We define an adjacency similar to the adjacency defined for
reversals on strings; i.e. the number of xy adjacencies in a
string is the total occurrences of xy and yx in a string. For
example, 1001011 has one ‘00’ adjacency, four ‘01’
adjacencies (including ‘10’s) and one ‘11’ adjacency. When a
prt-move is executed, no adjacencies are made at the source
location of prefix and at most one adjacency is formed at the
either end of the moved prefix at the destination location.
Therefore, the maximum number of adjacencies per move,
μprt=2. When a cp-move is executed, an additional adjacency
can be created at the source location after the segment is
moved. Therefore, the maximum number of adjacencies per
move, μcp=3. We enclose the segment being moved in square
brackets and the destination location is indicated by an

asterisk. We show that for binary strings, the maximum
number of adjacencies per move, μbcp=2.
Lemma 1. A cp-move on binary string increases the
adjacencies by at most two.
Proof: Let x, a, b, c, d, a1 , and b1 be members of the binary
alphabet
{0,1}.
Consider
a
general
cp-move:
(...a1,[a,...,b],b1,…,c,*d…)→(...,a1,b1,…,c,a,...,b,d,...).
In
order for the cp-move to create three new adjacencies, ‘a1 b1’,
‘c a’, and ‘b d’ should be three new adjacencies (and none of
them should be broken at the moved location). We have two
cases:
Case (1) a = b. The cut breaks the adjacencies ‘a1a’ and ‘bb1’.
In order for the cut to create a new adjacency, the adjacency
‘a1b1’ should be different from ‘a1a’ and ‘bb1’.
(a) If a1 ≠ b1, then ‘a1b1’ is a ‘01’ adjacency and either‘a1a’
or ‘bb1’ will also be a ‘01’ adjacency. Therefore, we
will not create a new adjacency.
(b) If a1 = b1 = a = b, an adjacency at cut is broken. In
order to create a new adjacency at cut we need a1 = b1
= ac. Two adjacencies of type ‘01’ (‘x xc’) are broken
and create one adjacency of type ‘xc xc’. At the paste, c
and d both cannot be equal to ac since it would break
an adjacency. Therefore, we have either Case (b.1) c =
d = a, or Case (b.2) c and d are complements of each
other.
Case (b.1) one ‘xx’ adjacency is broken to form two
‘xx’ adjacencies, thus making only one new
adjacency.
Case (b.2) at least one of the adjacencies formed at
paste was broken at cut, making at most one new
adjacency.
Therefore, in both cases one creates at most two new
adjacencies.
Case (2) a ≠ b. This can be subdivided into two cases: Case
(2.1) a1 = b1 and Case (2.2) a1 ≠ b1.
Case (2.1): a1 = b1. Let a1 = x, at cut one forms an ‘x x’
adjacency with a1 and b1, and breaks one ‘x xc’ adjacency and
one ‘x x’ adjacency, corresponding to ‘a1 a’ and ‘b b1’. So,
one cannot create a new adjacency at cut. This implies at most
two new adjacencies can be made, since at paste, one can
create only two adjacencies.
Case (2.2): a1 ≠ b1. In this case, at cut two ‘x xc’ adjacencies
or one ‘x x’ and one ‘xc xc’ adjacencies are broken. If one
breaks two ‘x xc’ (01) adjacencies and form a ‘x xc’ (01)
adjacency (since a1 ≠ b1), one does not create any adjacency
at cut. Hence, at most two new adjacencies can be made (both
at paste). If one breaks two adjacencies of type ‘x x’ at cut
and creates one adjacency of type ‘x xc’ (01) (a1 ≠ b1), then
two subcases need to be considered depending on whether c
and d are equal or unequal. When c = d then one creates only
one new ‘x xc’ adjacency. If c≠ d then one breaks a ‘x xc’
(01) adjacency at paste. This yields at most one new
adjacency at paste and a total of two new adjacencies per
move. Thus, μbcp =2.
•
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3.1

PRTD is NP-complete

The prefix reversal/transposition (prt-move) distance over
binary strings is shown to be NP-complete. We formulate the
problem as a decision problem, PRTD.
Prefix reversal/transposition distance (PRTD)
Instance: Strings S and T of a given length and a positive
integer bound d.
Question: Is dprt(S,T)≤ d?
Theorem 2. PRTD is NP-complete.
Proof: PRTD is in NP because, given a solution sequence of
a given length (O(|S|)), the moves can be executed in
polynomial time. Then one can verify in polynomial time
whether the resultant string from S is T or not.
Let I be an instance of 3–Partition consisting of the integer
bound B, A = {b1,b2,…b3m}, and for all the indices ‘j’ the
value s(bj) = aj. From this instance we construct an instance I*
of PRTD where
S = 10 a110 a2 ..10 a3 m 110 a3 m (01) m ,
T = (0B+114)m, and
d = 3m.
Let 10 a110 a2 ..10 a3 m −110 a3 m be the head and (01)m be the tail of
S. Each 0 block in the head of S represents an element bi of 3–
Partition and the number of ‘0’s equals s(bi) = ai. All the m
pairs of 01’s in the tail of S are receptacles. An unused
receptacle is a receptacle not involved in a move, a singly
used receptacle is a receptacle involved in one move and a
doubly used receptacle is a receptacle involved in two moves.
We show that 3m moves are necessary. S has a number of
mB–3m + 1 ‘00’ adjacencies (additional one comes from the
last zero of the last zero block and the first zero of the (01)m)
and zero ‘11’ adjacencies. T has a number of mB ‘00’
adjacencies and 3m ‘11’ adjacencies. Therefore, T has 6m–1
adjacencies that are not present in S. Recall that μprt=2. Thus,
at least 3m moves are required to transform S into T. We
prove this result by showing that following conditions are
true: (a) if S can be transformed into T in 3m moves then
3–Partition has a solution, and (b) if 3–Partition has a
solution, S can be transformed into T in 3m moves.
First, we show that condition (a) is true. Since S is
transformed into T in the minimum number of moves, no 0block can be split. Notice that for all values of i,ai > B/4 and ai
is an integer. Therefore, any four blocks of zeros concatenated
will form a block which has at least B+4 zeros. Also, if two 0
blocks of S and one ‘10’ are merged together with prefix
transpositions, then the total number of zeros they can
produce is at most B–1. Therefore, each 0 block in T is
formed from exactly three 0 blocks of S. So, we can list the
moves made by PRTD and observe which 0 blocks
corresponding to which three ai’s are combined together, i.e.
{ai1 , ai 2 , ai 3 } ; the number m of such triples give the solution
−

for 3–Partition. Therefore, condition (a) is satisfied.
Condition (b) specifies that if 3–Partition has a solution
then S transforms into T in 3m moves. We define the
components (strings) 10 a , 10 a j 2 , and 10 a j 3 to be partners of
each other. The members (components) of each pair
j1
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a +a

{ 10 a j1 , 10 a j 2 + a j 3 }, { 10 a j 2 , 10 j1 j 3 } and { 10 a j 3 , 10 a j1 + a j 2 } are
also partners of each other. Based on the number of original
ai’s that are in the exponent of ‘0’ the partner is either single
or dual. We call 0B+114 as a complete component. The moved
prefix is enclosed in square brackets and the superscript ‘R’
indicates that the prefix being transposed is also reversed. The
destination position is indicated by an asterisk.
Prefix_Reversal_Transposition(S,T) transform S into T in 3m
moves and forms m complete components (the cut substring is
in [] and * is the destination).
Prefix_Reversal_Transposition (S,T)
Step 1) Take the leftmost component, reverse it and insert it
into the leftmost unused receptacle:
[10 a1 ] R 10 a2 ..10 a3 m −110 a3 m [01](01) m −1 → 10 a2 ..10 a3 m −110 a3 m (0 a1 +112 )(01) m −1

Step 2) Let the leading (leftmost) component be 10 ai .
Execute either Case (2.1) or Case (2.2) as appropriate for
3m–1 iterations.
Case (2.1) None of the partners of 10 ai were prefixes of some
earlier move. Reverse 10ai and move it into the leftmost
unused receptacle: [10 a ] R 10 a ..10 a (0 +1+ ) + 0 *1(01) k →
i +1

i

ai +1

10 ..10

a3 m

+ +

+

ai +1 2

(0 1 ) 0 1 (01)

3m

k

Case (2.2) At least one of the partners of 10ai is moved into a
receptacle. This yields Case (2.2a) and Case (2.2b):
Case (2.2.a) A single partner of 10ai say, 10a j , is moved into
a receptacle. Move the leading component into a singly used
receptacle: [10a ]R 10a K10a (0+1+ )* 0a +1 *12 (0+1+ )* (01) k
→ 10a K10a (0+1+ )* 0a +a +1 *13 (0+1+ )* (01) k
i +1

i

i +1

3m

i

3m

j

j

Case (2.2.b) A dual partner of 1 0 a , 10x, (x + ai =B) is in a
receptacle. Move the leading component into a doubly used
receptacle: [10ai ]R 10ai +1 K10a3m (1+ 0+ )* 0 x+1 *13 (1+ 0+ )* (01) k →
10ai +1 K10a3m (0+1+ )* 0B+1 *14 (0+1+ )* (01) k
At the end of 3m moves S is transformed into T. Since
the conditions (a) and (b) are true, PRTD is NP-complete. •
i

3.2

Cut-and-paste distance is NP-complete

Recall that the maximum number of adjacencies of
cut-and-paste move for binary strings, μbcp=2, whereas μcp=3
for k-ary (k>2) strings. We show that finding the cut-andpaste distance over both binary and ternary strings is NPcomplete; so, cut-paste distance over strings is NP-complete.
Even though a k-ary string is a subset of a p-ary string (p>k)
we give explicit reductions for binary and ternary strings
because μbcp ≠μcp.
3.2.1
Ternary cut-Paste distance is NP-complete
In this section we prove that finding the cut-and-paste
distance between a pair of ternary strings is NP-complete. A
move refers to a cut-and-paste move (cp-move). We define the
cp-move distance over ternary strings, dcp(S,T), as a decision
problem, TCP.
Ternary cut-and-paste distance problem (TCP)
Instance: Two compatible ternary strings S and T of given
length and a positive integer bound d.
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Question: Is dcp(S,T)≤ d?
Theorem 3. TCP is NP-complete.
Proof: TCP is in NP because, given a solution sequence of a
given length (O(|S|)), the moves can be executed in
polynomial time. After the moves are executed, one can verify
in polynomial time whether the resultant string from S is T or
not.
Let I be an instance of 3–Partition consisting of the integer
bound B, A = {b1,b2,…b3m}, and for all the indices ‘j’ the
value s(bj) = aj. From I, an instance I* of TCP is constructed
where
S = 20 a1120a2 ..120a3 m −1120 a3 m 12(10) m ,
T = 2 3 m +1 (14 0 B +1 ) m , and
d = 3m.
Let 20a1120a2 ...120a3 −1120a3 12 be the head of S and (10)m be
the tail of S. The m ‘10’ blocks in the tail of S are receptacles.
Each 0 block in the head of S represents an element bi of 3–
Partition and the corresponding number of ‘0’s equals ai. An
unused receptacle is a receptacle not involved in a prefix
transposition (i.e. move). A singly used receptacle is a
receptacle involved in one move. A doubly used receptacle is
a receptacle involved in two moves.
We show that 3m moves are necessary. Consider the
adjacencies in S. The number of ‘00’ adjacencies in 0mB is
mB –1. The total number of ‘00’ adjacencies in all 0 blocks
concatenated is mB–1 –(3m–1) = mB–3m. The total number of
‘11’ and ‘22’ adjacencies in S is equal to zero.
Consider the adjacencies in T. The number of ‘00’
adjacencies in 0B+1 is B; therefore, the number of ‘00’
adjacencies in (140B+1)m is mB. The total number of ‘11’
adjacencies in 14 is 3; therefore, the total number of ‘11’
adjacencies in (140B+1)m is 3m. The total number of ‘22’
adjacencies in T is 3m. Therefore, T has 3m more ‘00’
adjacencies and 3m more ‘11’ adjacencies and 3m more ‘22’
adjacencies than S. In total, T has 9m adjacencies that are not
present in S. Because μcp=3, 3m moves are necessary.
We complete the proof of by showing that the following
conditions hold: (a) if S can be transformed into T in 3m
moves then 3–Partition has a solution: and (b) if 3–Partition
has a solution then S transforms into T in 3m moves.
First, we show that condition (a) holds. Since S is
transformed into T in the minimum number of moves, no
0-block can be split. Notice that for all values of i, ai > B/4
and ai is an integer. Therefore, any four blocks of zeros
concatenated will form a block which has at least B+4 zeros.
Also, if two 0 blocks of S and one ‘10’ are merged together
with prefix transpositions, then the total number of zeros they
can produce is at most B–1. Therefore, each 0 block in T is
formed from exactly three 0 blocks of S. So, we can list the
moves made by TCP and observe which 0 blocks
corresponding to which three ai’s are combined together, i.e.
{ai1 , ai 2 , ai 3 } ; the number m of such triples give the solution
m

m

for 3–Partition. Therefore, condition (a) is satisfied.
Condition (b) specifies that if 3–Partition has a solution
then S transforms into T in 3m moves. Let aj1+aj2+aj3=B. We
define the components (strings) 10 a , 10 a j 2 , and 10 a j 3 to be
j1

partners of each other. The members (components) of each
a +a
pair { 10 a j1 , 10 a j 2 + a j 3 }, { 10 a j 2 , 10 j 1 j 3 } and { 10 a j 3 , 10 a j1 + a j 2 }
are also partners of each other. Based on the number of
original ai’s that are in the exponent of ‘0’ the partner is either
single or dual. Each of the ‘10’s from (10)m at the end of S is
a receptacle. Ternary_Cut_Paste(S,T) transforms S into T in
3m moves where the cut substring is in square brackets and *
is the destination position.
Ternary_Cut_Paste (S,T)
Step 1) Execute the move:
2[0 a 1] R 20 a 1..20 a
2

1

2

a2

a 3 m −1

2 0 12..20

3 m −1

120 a 12(1* 0)(10) m −1 →
3m

120 121 0 a +1 (10) m −1
a3 m

2

1

Step 2) Let the beginning of the string be 2x 0ai1 , then the
leading (leftmost) component of the string is 0ai 1 . Execute
cases (2.a) or (2.b) as appropriate for 3m–1 iterations:
Case (2.a) None of the partners of 0 a 1 are moved. In this
case, move 0 a 1 into the leftmost unused receptacle.
i

i

2 [0 1] 20 1..20 a3 m −1120 a3 m 12 (1+ 00 + ) + (1 * 0)(10 ) k →
2 q +1 0 a i +112 .. 20 a 3 m −1120 a 3 m 12 (1 + 00 + ) + 1 2 0 a i +1 (10 ) k
q

ai

R

a i +1

Case (2.b) At least one partner of 1 0 ai is in a receptacle
yielding Case (2.b.i) and Case (2.b.ii).
Case (2.b.i) A single partner of 1 0 ai , say 1 0 a j , is moved
into a receptacle. Move the leading component into a singly
used receptacle.
12 (1 + 00 + ) * (1 2 * 0

2 q [ 0 a i 1] R 20 a i + 1 1 .. 20 a 3 m − 1 120

a3 m

→ 2 q + 1 0 a i + 1 12 .. 20 a 3 m − 1 120

12 (1 + 00 + ) * 1 3 0

a3 m

a j + a i +1

a j +1

)(1 + 00 + ) * (10 ) k

(1 + 00 + ) * (10 ) k

Case (2.b.ii) A dual partner of 1 0 ai , 10x, (x + ai =B) is in a
receptacle. Execute the prefix transposition shown below,
where the leading component is moved into a doubly used
receptacle.
2 q [0 ai 1] R 20 ai +11K 20 a3 m −1120 a3 m 12(1+ 00 + ) * (13 * 0 x +1 )(1+ 00 + ) * (10) k →
2 q +10 ai +112K 20 a3 m −1120 a3 m 12(1+ 00 + ) *14 0 B +1 (1+ 00 + )* (10) k

At the end of 3m iterations S is transformed into T.
Since conditions (a) and (b) are satisfied, TCP is NP•
complete.
3.2.2
Binary cut-and-paste distance is NP-complete
In this section we prove that finding the cut-and-paste
distance between a pair of compatible binary strings is NPcomplete. A move refers to a cut-and-paste move (cp-move).
We define the binary cut-and-paste move distance, dbcp(S,T),
as a decision problem, namely BCP.
Binary cut–and-past distance problem (BCP)
Instance: A binary string S and a compatible string T of given
length and a positive integer bound d.
Question: Is dbcp(S,T)≤ d?
Theorem 4. BCP is NP-complete.
Proof: BCP is in NP because, given a solution sequence of a
given length (O(|S|)), the moves can be executed in
polynomial time. Then one can verify in polynomial time
whether the resultant string from S is T or not.
Let I be an instance of 3–Partition, where the integer bound is
B, A = {b1,b2,…b3m}, and for all the indices ‘j’ the value
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s(bj) = aj. Instance I* of BCP is constructed (from instance I
of 3-Partition) where
S = 0a110a2 ..10a3m−110a3m1(10) m ,
T = (14 0 B +1 ) m , and
d = 3m.
We can demonstrate that T has 6m–1 adjacencies that
are not present in S. Because μbcp=2, at least 3m moves are
required to transform S into T. The following conditions can
be shown to be true: (a) if S can be transformed into T in 3m
moves then 3–Partition has a solution, and (b) if 3–Partition
has a solution, S can be transformed into T in 3m moves;
proving that BCP is NP-complete. Due to lack of space the
•
rest of the proof is omitted.

4

Translocation distance

A translocation exchanges material at the end of two
chromosomes within a genome [14]. It exchanges two blocks;
if the exchanged blocks are adjacent, then it is a restricted
version of a translocation, i.e. a transposition. Zhu and Wang
[21] show that translocation distance, dl(S,T), in NP-hard for
unsigned permutations. Kececioglu and Ravi gave a 2
approximation algorithm for dl(S,T), over permutations [14].
Hannenhalli gave a polynomial time solution for the same
when the orientation of genes is known [12]. We study the
complexity of dl(S,T) over compatible strings S and T. We
define dl(S,T) as a decision problem, TLP, and by a reduction
from 3–Partition to TLP we show that TLP is NP-complete.
Translocation distance problem (TLP)
Instance: Two compatible ternary string S and T of given
length and a positive integer bound d.
Question: Is dl(S,T)≤ d?
Theorem 5. TLP is NP-complete.
Proof: TLP is in NP; because given a solution sequence of a
given length (O(|S|)), the moves can be executed in
polynomial time. Then one can verify in polynomial time
whether the resultant string from S is T or not.
Let I be an instance of 3–Partition consisting of the integer
bound B, A = {b1,b2,…b3m}, and for all the indices ‘j’ the
value s(bj) = aj. From the instance I, an instance I* of TLP is
constructed where
S = 24 m+110a110a2 ..10a3m−110a3m ,
T = (20 B ) m 2(12) 3m , and
d = 3m.
In order to transform S into T one needs to accomplish two
tasks: a) break 4m ‘22’ adjacencies and b) make 2m ‘00’
adjacencies. Let us examine the maximim number of ‘aa’
adjacencies that a move, say ψ can break: if the left (right)
ends of both exchanged substrings break the same ‘aa’
adjacencies then after the move ‘aa’ adjacencies are formed
again effectively breaking none of them. Thus, when (i) both
ends of the first (second) substring break an ‘aa’ adjacency
and neither end of the second (first) substring break any ‘aa’
adjacency, or (ii) the left (right) end of the first substring
breaks an ‘aa’ adjacency and the left (right) end of the second
substring does not break an ‘aa’ adjacency and the right (left)
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end of the second substring breaks an ‘aa’ adjacency and the
right (left) end of the first substring does not break an ‘aa’
adjacency; one achieves a maximum of two broken ‘aa’
adjacencies. Recall that Lemma 1 proves a similar result.
Likewise, a move, say ω can make at most 2 ‘aa’ (00)
adjacencies. The moves ψ and ω can be shown to be
independent; i.e. the move that breaks two 22 adjacencies
does not make any 00 adjacencies and vice versa. The move
that makes one 00 adjacency, say ε=(0x[2]2…1[0y]) where the
substrings in the square brackets are exchanges, can break at
most one 22 adjacency. So, we can represent each of these
moves as vectors ψ =(0,-2), ω =(2,0) and ε =(1,-1) where the
first component denotes the number of 00 adjacencies made
and the second component denotes the number of 22
adjacencies broken. The linear combination of these moves
must yield the vector (2m,-4m). Thus, 3m moves are needed.
(Note that the other moves are counter-productive and cannot
be accommodated as we use the minimum number of moves).
We complete the proof by showing that following conditions
are true: (a) if S can be transformed into T in 3m moves then
3–Partition has a solution and (b) if 3-Partition has a solution
then S transforms into T in 3m moves.
First we show that condition (a) is true. Since S is
transformed into T in the minimum number of moves, no
0-block can be split. Thus, each 0 block in T is formed from
exactly three 0 blocks of S. So, one can list the moves made
by TLP and observe which 0 blocks corresponding to which
three ai’s are combined together, i.e. {ai1, ai2, ai3}; the number
m of such triples give the solution for 3-Partition.
An algorithm has been designed (not shown here) to show
that Condition (b) also holds. Due to lack of space the rest of
•
the proof is omitted.

5

Conclusions

We show that the translocation distance, the cut-and-paste
move distance and the prefix reversal/transposition distance
over strings are NP-complete. Also, we show that the
transposition distance of ternary strings is NP-complete
(direct reduction). Past research along with this paper prove
that finding the distance between a pair of compatible strings
is NP-complete under the following operations: unsigned and
signed reversals, prefix reversals, prefix transpositions,
translocations, transpositions, prefix reversal/transpositions
and cut-and-paste moves.
PTAS with constant ratio exists for transforming
permutations by reversals, transpositions, prefix reversals,
prefix transpositions, reversal/transpositions, cut-and-paste
moves, etc.. Here we state the work related to approximating
string transformation distance under various moves. A
partition of a string S is a sequence Sp=(S1, S2,…Ski) of
substrings of S such that the concatenation of (S1,S2,…,Ski)=
S. Given a partition Sp of S and a partition Tp of T, if Sp and
Tp are permutations of each other then (Sp, Tp) is a common
partition for S and T. The common partition of minimum
cardinality is a minimum common string partition (MCSP). In
signed MCSP (SMCSP) each element of a string has a sign
(+/-) where all the elements in the reversed segment change
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their signs. Goldstein et al. [10] showed that MCSP and
SMCSP are NP-hard if the symbols repeat at least twice.
Chitturi independently proved that deciding whether a given
pair of strings has MCP (MCSP) of size k is NP-complete [2].
Chen et al. [1] defined a related problem, minimum
common partition problem (MCP). For a given pair of signed
strings (S,T) and their partitions (Sp,Tp), (Sp, Tp) is a MCP for
(S,T) if there is a bijection from Sp to Tp such that if Si∈Sp is
mapped to Tj∈Tp then Si=Tj or Si=TjR and |Sp| (|Tp|) is
minimum. For MCSP the second condition, i.e. Si = TjR, is not
allowed. For S = cbacba and T = abcabc MCSP yields a set of
6 singletons. However, size of MCP is one, i.e. S1 = cbacba,
and T1 = abcabc (=(S1)R). One reversal [cbacba]→abcabc
transforms S into T. For reversals, and prefix reversals an
approximation to MCP yields an approximation algorithm.
Cormode and Muthukrishnan [6] gave an approximation
ratio of O(log n log* n) for String Edit Distance Matching
Problem with Moves where allowed moves are: insert a
character, delete a character and move a substring. Shapira
and Storer [20] showed that eliminating insert and delete
character operations does not change the edit distance by
more than a constant factor. Thus, [6] provides an
O(log n log*n) approximation algorithm for MCSP. Based on
it, O(log n log*n) approximation ratio for prefix transposition
distance over strings is given in [3]. Chrobak et al. [5] give
simple greedy approximation algorithm for k-MCSP where
each symbol can occur up to k times. The ratios are 3 for 2MCSP, Ω(log n) for 4-MCSP and for any k ratio is between
Ω(n0.43) and O(n0.69). Shapira and Storer [20] give O(log n)
ratio for string edit distance with “block moves only”.
However, their algorithm works only on a restricted class of
strings. Ergun et al. [8] gave an O(1) approximation algorithm
for block edit distance problem with several operations. It is
interesting idea to explore the relationship between their work
and MCSP.
In specific instances, algorithms with constant ratios have
been designed. For example, a 1.5 ratio for 2-MCSP was
given by Chen et al. [1], a ratio of 1.1037 for 2-MCSP and a
ratio of 4 for 3-MCSP were given by Goldstein et al. [10].
Kolman, and Kolman and Waleń [15, 16] studied sorting by
reversals (SBR) where each symbol is allowed to repeat up to
k times, i.e. k-SBR for k ≥1. They designed an O(k2)
approximation algorithm with O(n) time complexity, which
works well for small values of k.
We list the pertinent future research areas: (a) proving
inapproximability results that demonstrate the best possible
approximation ratio for transforming a string (into a target
string) under a given operation, (b) designing PTAS that
achieve best ratios, (c) designing good approximation
algorithms (and/or proving inapproximability results) for
MCP and MCSP (SMCSP) and (d) finding the complexity of
string transformation under unexplored moves like signed
flips (also known as the burnt pancake problem) etc..
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Abstract - A reversal is an operation that reverses a
substring. When the chosen substring is restricted to a prefix
it is called a prefix reversal. Given two strings, α and β, the
problem of finding the minimum number of prefix reversals
that transform α into β is called the prefix reversal distance
problem. This problem is a version of the reversal distance
problem, related to genetic rearrangements. An upper bound
of 18n/11 and a lower bound of 15n/14 are known for
permutations. We give bounds for prefix reversals on strings.
For example, n-1 prefix reversals are sufficient to transform a
given n-binary string into a compatible string, i.e. a string
with same frequency for each symbol as the given string. We
also prove that the prefix reversal distance for strings is
NP-complete.
Keywords: Complexity, genetic mutations, prefix reversals

1

Introduction

Transpositions, reversals, prefix reversals or flips, and
prefix transpositions have been studied over permutations.
Gates and Papadimitriou [10] showed that (5n+5)/3 flips are
sufficient to sort any permutation on n symbols. For a
permutation σ of the integers from 0 to n-1, let f’(σ) be the
smallest number of flips that will transform σ to the identity
permutation and let f(n) be the largest such f’(σ) over all
permutations σ of length n. They showed that f(n) ≤ (5n+5)/3
for all values of n and f(n) ≥ 17n/16 when n is divisible by 16.
Heydari and Sudborough [13] improved this lower bound to
f(n) ≥ 15n/14, when n is divisible by 7. Chitturi et al. [3]
improved the upper bound to 18n/11. Heydari [12] showed
that deciding whether one can make k adjacencies in k flips
for a given permutation is NP-complete.
Researchers have been studying transforming strings with
finite alphabet size since 1990s. Christie and Irving [5]
showed that both dr(S,T) and dt(S,T) are bounded above by
n/2, where dr(S,T) (respectively, dt(S,T)) is the minimum
number of reversals (respectively, transpositions) necessary
to transform a binary string S of length n into a compatible
string T. They also showed that the problem of finding dr(S,T)
for binary strings is NP-hard. Radcliffe et al. [15] showed
that (a) the reversal distance, dr(S,T), between a pair of
compatible k-ary strings of length n is at most n – max{ai}
where max{ai} is the frequency of the most frequent symbol,
(b) the reversal distance between random strings, each having
a positive fraction of every element, is θ(n/log n), and (c) a

ternary string can be optimally sorted by reversals. They also
showed that the problem of finding the transposition distance
and the signed reversal distance between two strings over a
finite alphabet is NP-hard. Chitturi and Sudborough [4]
studied prefix transpositions over strings; they showed that:
(a) dpt(S,T) ≤ n-α, where dpt(S,T) is the prefix transposition
distance between S and T, α is the frequency of the most
frequent symbol in S (or T), and n is the length of S (T), and
(b) dpt(S,T) for strings is NP-complete.
Earlier, Hurkens et al. [14] also studied flips on strings.
Compared to the current paper, [14] has some similar results
and some additional results. Some of their distinct work is: (i)
for a k-ary string dpr(S,T) ≤ 2(n-α) where dpr is the flip
distance for strings of length n and α is the frequency of the
most frequent symbol, (ii) it is NP-complete to find dpr(S,T)
for k-ary (k > 1) strings S and T (we give a 2 step proof), and
(iii) an algorithm to sort ternary strings in the minimum
number of moves.
We denote the reverse of a given string α by αR. Given two
strings π and σ, where π = α β and α, β are strings over a
finite alphabet ∑, we denote a flip by π Æ σ, where σ = α R β.
In this paper a string drawn from ∑ has all the symbols of ∑
unless specified otherwise. For example, a binary string is not
referred to as a ternary string. A flip is shown by enclosing
the prefix to be reversed in square brackets. A small case
letter indicates an element and a capital letter indicates an
arbitrary string. We use the standard notation of regular
expressions: (a)* represents zero or more repetitions of a, (a)+
represents one or more repetitions of a, and ‘(a)?’ represents
zero or one occurrence of a.
Given a pair of strings S and T, we define two metrics: (1)
bpr denotes the number of flip breakpoints between S and T,
and (2) bepr denotes the end breakpoint between S and T;
enhancing the reversal breakpoints defined in [5]. The
function fab(S) represents the number of ‘ab’ adjacencies in S,
where {a, b}∈∑. Function δ(x) = x, if x >0, otherwise δ(x)=0.
b pr ( S , T ) =
δ ( f ab ( S ) + f ba ( S ) − f ab (T ) − f ba (T )) +
∑
( a , b∈∑ ) ∧ ( a < b )

∑ δ ( f aa ( S ) −

a∈ ∑

f aa (T ))

bepr ( S , T ) = 0 if S and T end in the same symbol, otherwise
bepr ( S , T ) = 1.

For two given strings S and T to be identical, a necessary
but insufficient condition is: bpr(S,T) = bepr(S,T) = 0. For
example if S = 0001001 and T = 0010001then f00(S) = f00(T) =
3, f01(S) = f01(T) = 3, f11(S) = f11(T) = 0. Since S and T end
with a ‘1’ bpr(S,T) = bepr(S,T) = 0; yet S and T are not
identical.
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Definition 1. We say that a string S defined over ∑ is sorted
if, for any two consecutive elements of S, x and y, y does not
occur before x in ∑.
A sorted string consists of blocks of symbols with
increasing values. The string S = 11222001 after sorting
yields sort(S) = Si = 00111222. We call a substring of length
at least one composed entirely of symbol x as an x block.
Definition 2. In the standard notation, we denote a x block by
an x. Note that if a symbol ‘z’ is adjacent to an x block, then
z ≠ x (otherwise z would be a part of the x block). The string
1000011110001 is represented as 10101. Let S be a string
where S= 010101011 then Si =sort(S) = 01; where the ‘0’
represents a block of four zeroes and the ‘1’ represents a
block of five ones.
For a given string S, o(S) and z(s) denote the number of 1
and 0 blocks respectively; let B be the number of all blocks in
S. Thus, the length of S is B (= o(S)+z(s) for binary strings).
Lemma 1. If S’ is obtained from S by a single flip, then
(a) b pr ( S ' , T ) ≥ b pr ( S , T ) – 1 and bepr ( S ' , T ) = bepr ( S , T ) ; if
the flip is not [S]
(b) b pr ( S ' , T ) = b pr ( S , T ) and bepr ( S ' , T ) ≥ bepr ( S , T ) – 1; if
the flip is [S].

■

Theorem 1. Given a pair of strings S and T, dpr(S,T) ≥
bpr(S,T) + bepr(S,T).
Proof: As stated earlier, dpr(S,T) is the minimum number of
flips necessary to transform S into T. According to Lemma 1,
a flip will change either bpr(S,T) or bepr(S,T) by at most one
but it does not change both. Therefore, the sum
■
bpr(S,T) + bepr(S,T) is a lower bound of dpr(S,T).
Definition 3. A single is a move that reduces (e.g. o(S) or
z(S)) B by 1. The left single is the flip of the shortest prefix
that is single. Given S = 10010011, the singles are (a)
[100]10011, (b) [100100]11, and (c) [1001001]1 where only
(a) is the left single. If only one single is possible, then it is a
left single. A move that is not a single is called non-single.
Lemma 2. If S’ is obtained from S with one flip then o(S’) ≥
o(S) –1 and z(S) = z(S’) or z(S’) ≥ z(S) – 1 and o(S) = o(S’).
Proof: The flip ([x…xc] x+…) reduces either o(S) or z(S) by 1
but it does not reduce both. The flip ([x…x]…) does not alter
o(S) or z(S). The flip ([x...xc]xc…) increments only one of
o(S) and z(S) by one. So, our claim holds.
■
Lemma 3. There is a flip that reduces B by one unless the
string in standard notation is 01, or 10.
Proof: If the string in the standard notation is neither ‘01’ nor
‘10’ then it is of the form (a) (x xc)+, or (b) (x xc) x. If the
string is of either form, the flip ([x…xc]x…) reduces B by one
and the resultant string also is of the form (a) or form (b).
Thus, the same flip can be repeated to obtain x xc, i.e. , one
obtains 01 or 10.
■
Theorem 2. Let Si =sort(S). Then dpr(S,Si) = B–2 if S ends
with 1 else dpr(S,Si) = B–1.

Proof: Si contains exactly two blocks and S contains exactly
B blocks. Since at most one block can be reduced by a flip, a
minimum of B–2 flips are required to sort S. However, if S
does not end in ‘1’, a flip of entire string is required at some
point, since Si ends in ‘1’ (Lemma 1). Thus, the minimum
number of flips required to sort S is B–2 if S ends with 1, B–1
otherwise. 2Sort sorts S with the minimum number of flips:
2Sort(S)
1) Execute left singles on S until no more singles are possible.
2) If the resulting string is 01 then terminate the computation.
Otherwise, flip the entire string.
Lemma 3 shows that Step 1) is feasible. So, unless there is
only one ‘0’ block and one ‘1’ block there is a single and
2Sort executes the single. This process stops only when no
■
singles exist, i.e. the current string is of the form x(x)c.
Sorting ternary strings in minimum+2 flips
We give a simple algorithm to sort a ternary string that
executes no more than two flips over the minimum number of
flips. We enumerated all strings of length five and gave
minimum moves to sort them (built from moves for strings of
lengths four and three). Seventeen of them require 4 flips (the
worst case); for example, [02]121→[20121]→ [12]102→
[210]2 →012. Due to lack of space the table is not shown.
3Sort:
Step (1) Execute left singles until either (a) no single exists or
(b) B = 5.
Step (2):
Step (2a) If B = 5 then execute the optimal sequence from the
lookup table and terminate the computation.
Step (2b) Here, no single exists, yielding (2b)(i) and (2b)(ii).
Step (2b)(i) If the string starts with a ‘2’ (representing 2+),
then flip the entire string, the ‘2’ need not be moved again;
otherwise execute Step (2b)((ii).
Step (2b)(ii) The string is of the form x ((y 2 )+ (y)* + (2 y )+
(2)*), where x = 0 or x = 1 and y = xc. Perform the respective
flip [x y ] or [x 2 ] depending on whether the string is x (y 2 )+
(y)* or x (2 y )+ (2)* respectively. In case there is more than
one choice, the shortest flip is executed. The flips that are
executed in individual subcases are listed below:
Step (2b)(ii)(I) For 0(12)+ then perform [01]2(12)*.
Step (2b)(ii)(II) For 0(12)+1 perform [012] (12)*1 (also
possible is [0(12)+1]) .
Step 2b)(ii)(III) For 0(21)+ execute [02]1(21)* .
Step (2b)(ii)(IV) For 0(21)+2 execute [02]1(21)*2.
Step 2b)(ii)(V) For 1(02)+ execute [10]2(02)* .
Step (2b)(ii)(VI) For 1(02)+0 execute [10]2(02)*0.
Step (2b)(ii)(VII) For 1(20)+ execute [12]0(20)* .
Step (2b)(ii)(VIII) For 1(20)+2 execute [12]0(20)*2.
After one of the flips from {2(b)(i), 2(b)(ii)(I) 2b)(ii)(VIII)} is executed, perform the following two steps:
Step (3) Execute left singles until B = 5.
Step (4) Execute the optimal flips given by the table.
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Analysis
We compare the number of flips 3Sort performs to the
direct theoretical minimum (that executes only singles), the
lower bound. Even an optimum algorithm requires nonsingles (2 needed for 201, [201]→[10]2→012). Thus, the
number of non-singles executed by 3Sort is an upper bound
on the number of moves it executes over the minimum
number of flips.
Step (1) does not add to the count of non-singles. In Step
(2a), the maximum number of flips required for any string of
length five (by exhaustive search) is four and theoretical
minimum is two. Thus, here 3Sort is minimum+2.
In Step (2b)(i) 3Sort executes [2(xy)+ x(?)]→(x)(?)(y x )+2,
which is a non-single. After several singles, the resulting
string will be either y x 2 or x y 2. If the second symbol is ‘1’,
the string is sorted. Otherwise, ‘10’ is flipped which is a
second non-single. However, it must be noted that any
algorithm requires one flip to put 2 at the end; so, this move is
necessary. Effectively, 3Sort needs at most one additional flip
compared to an optimum sort. Thus, here 3Sort is
minimum+2.
For Step (2b)(ii) the set of strings is x ((y 2 )+ y(?) + (2 y)+
2(?)). These strings fall into eight categories which are
analyzed below showing that 3Sort is minimum+2 where (+1)
and (+2) indicate the number of non-singles executed by that
category.
Step 2b)(ii)(I): For 0(12)+, 3Sort will perform the first
non-single: [01]2(12)*→102(12)*. After several left
singles, the resultant string is 102. A second nonsingle on 102 sorts the string, i.e. [10]2→012. (+2)
Step 2b)(ii)(II): For 0(12)+1, 3Sort will perform the first
non-single: [01]2 (12)*1→ 102(12)*1. After several
left singles, the resultant string will be 20121, which
can be sorted with the following sequence: [20121]
→[12]102→[210]2→ 012. Only the first flip is a
non-single. (+2)
Step 2b)(ii)(III): For 0(21)+, 3Sort will perform the first
non-single: [02]1(21)*→201(21)*. After several left
singles, the resultant string will be 20121, which can
be sorted in three moves, i.e. [20121]→[12]102→
[210]2 →012. The first flip is a non-single. (+2)
Step 2b)(ii)(IV): For 0(21)+2, 3Sort will perform the
first non-single: [02]1(21)*2→201(21)*2. After
several left singles, the resultant string will be
201212, which can be sorted in three flips (same
flips as in Step (2b)(ii)(III), ignoring the last symbol
2 which is in the correct place) including a nonsingle. (+2)
Step 2b)(ii)(V): For the string 1(02)+, 3Sort will perform
the first non-single: [10]2(02)*→012(02)*. After
several left singles, the resultant string will be
01202, which can be sorted in two flips
[012]02→[210]2→ 012. (+1)
Step 2b)(ii)(VI): For the string 1(02)+0, 3Sort will
perform the first non-single: [10]2(02)*0→
012(02)*0. After several left singles, the resultant
string will be 21020, which can be sorted in three
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flips [210]20→[012]0→[210]→012. Here, the last
flip is a non-single. (+2)
Step 2b)(ii)(VII): For the string 1(20)+, 3Sort will
perform the first non-single: [12]0(20)*→ 210(20)*.
After several left singles, the resultant string will be
21020 which can be sorted in three flips [210]20→
[012]0→[210]→012 (+2); where the last flip is a
non-single. (+2)
Step 2b)(ii)(VIII): If the string is 1(20)+2, 3Sort will
perform: [12]0(20)*2→ 210(20)*2, the first nonsingle. After several left singles, the resultant string
01202 can be sorted with 2 left singles: [012]02→
[210]2→012 (+1). (+1)
In the above cases, the non-single which puts a ‘2’ at the
end is necessary for any algorithm. Hence it seems very likely
that a detailed analysis would give an optimum algorithm
clearly delineating the cases that need 0,1 and 2 non-singles
respectively. In fact, Hurkens et al. [12] gave an algorithm
that sorts ternary strings in the minimum number of flips.

2

Transforming strings

Let S and T be two strings of length n with a common
suffix ξ. The suffix ξ need not be involved in the
transformation of S into T since it is already a suffix of T.
When there is a common suffix ξ, the problem of
transforming S in to T reduces to the problem of transforming
S’ of length n – |ξ| into T’ of length n – |ξ|, where S’ and T’
are prefixes of S and T respectively. Hence the problem size
is reduced by |ξ|, we call this size reduction.
BinTran(S,T) transforms S of length n into a compatible
string T over the alphabet {a,b} in at most n–1 steps and is
based on the size reduction described above. At each step, the
algorithm will apply one of the six subcases, which exhaust
all possibilities. The subcases are listed by priority
(decreasing), and describe the flips to be applied to the string
being transformed. At each step, the algorithm starts with the
highest priority subcase, 1(a), and proceeds downward. A
feasible subcase with highest priority will always be
executed. For example, if subcases 1(a) and 2(b)(i) are both
feasible then flip(s) of subcase 1(a) is (are) applied. Within a
subcase, if more than one flip is feasible then the shortest
prefix is reversed.
Let b(X), e(X), and s(X,Y) be the beginning symbol of X,
the ending symbol of X and the size of prefix of X that needs
to transformed into a prefix of Y respectively. Without loss of
generality let T end in ‘a’, (T = (…a)).
BinTran(S,T)
(1) If b(S) =a then s(S,T) is reduced by 1 in at most one flip.
(a) If e(S)=a then S and T have a common suffix of
length one and the problem size is reduced by 1
without making any flips.
(b) If b(S) =a, then the flip [S] will put ‘a’ at the end and
s(S,T) is reduced by 1 because of the common suffix.
(2) S = (b…b) and T =(…a). We begin by examining the
second-to-last symbol of T.
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(a) Let T end with ‘ba’ although S = (b…b), S must have
at least one a. Since b(S)=b, S has at least one ‘ba’.
So, S= (…ba…b). The flips ([…ba]…b)→([ab…b])
→(b…ba) reduce s(S,T) by two in two flips, since a
common suffix of size 2 is created.
(b) Let T end with ‘aa’, i.e. S = (b…b) and T = (…aa).
Here we examine the first symbol of T.
(i) Let b(T)=b, i.e. S = (b…b) and T = (b…aa). The
flip ([b…aa]) on T yields T’ = (aa … b), where
e(T’)=e(S). In one move T’ transforms into T.
That is, after S’ transforms into T’ one more
move is required to obtain T. Thus in one move
will reduce the problem size by one.
(ii) Let b(T) =a, i.e. S = (b…b) and T = (a…aa).
Examine whether aa ∈ S.
(I) ‘aa’∈S (S = (b…aa…b)).Then the flips of
S,
([b…aa]…b)→
([aa…b...b])→
(b...b…aa), reduce s(S,T) by two in two
moves.
(II) ‘aa’ ∉ S, i.e. S = (b… …b) and T = (a…aa)
and aa ∉ S. Here we examine the second-tolast symbol in S.
Let S end with ‘ab’. Then S = (b…ab)
and T = (a …aa). Since S has two b’s
and b(T)=a, T must have at least one ab.
That is T = (…ab…aa), and in two flips
([…ab]…aa)→ ([ba…aa]) →(aa…ab),
T matches the last two elements of S.
Thus, the only subcase left is: S = (bαbb) and T = (aβaa),
where α and β ∈ {a,b}*, aa ∉ α and bb ∉β. If α has ‘aa’ then
in two moves this ‘aa’ can be put at the end and match the last
two symbols of β. Similarly if β has ‘bb’ in two moves the
last two symbols of S can be matched. Let ∑u(ω) denote the
number of occurrences of u in ω. Since number of ‘a’s and the
number of ‘b’s in S match those of T. We have the following
conditions:
Condition 1: ∑a(α) = ∑a(β) + 3.
Condition 2: ∑b(β) = ∑b(α) + 3).
Condition 3: aa ∉ α and
Condition 4: bb ∉ β.
Conditions 3 and 4 impose restrictions on α and β. α will
have one of the forms: (1) (ab+)*(a)? or (2) α = (b+a)*(b)* and
β will have one of the forms: (1) (ba+)*(b)? or (2)β=(a+b)*(a)*.
Therefore, we obtain the following conditions:
Condition 5: ∑b(α) ≥ ∑a(α) – 1
Condition 6: ∑a(β) ≥ ∑b(β) – 1
Conditions (1) and (6) yield ∑a(α) ≥ ∑b(β) + 2 and (2) and
(5) yield ∑b(β)≥∑a(α) + 2; which is a contradiction. So, the
subcases 1(a)-2(b)(II)(a) cover all possibilities. Every subcase
reduces s(S,T) at least by the number of flips it executes. Once
n–1 elements are matched the last element will be at the
correct position. This yields an upper bound of n–1. Since it
takes n–1 flips to transform (01)n to 1n0n, the bound is tight. ■
Algorithm to transform k-ary (k>2) strings
Hurkens et al. [14] gave the following algorithm to
transform a given k-ary string into a given compatible k-ary

string. The associated upper bound is 2(n-α), where n is the
length of the string and α is the frequency of the most
frequent symbol ‘a’. The algorithm matches the symbols from
the back end, similar to our algorithm for binary strings and
yields the same upper bound for binary strings.
Hurkens Algorithm: If Sn=Tn then S1S2…Sn-1 and T1T2…Tn-1
are compatible strings of length n–1, the problem size reduces
by 1, and the algorithm applies to the prefixes of length n–1
of S and T.
If Sn ≠Tn , there are two cases: (a) neither of the symbols is
‘a’, in this case, perform two flips on S, the first flip bringing
b=Tn to the front and the next flip putting ‘b’ at the nth
position of S, and (b) one of them is ‘a’ and the other is not,
in this case, perform two flips on the string that ends with ‘a’
and match the nth symbol of the other string.
Theorem 3. Let S=S1S2…Sn and T=T1T2…Tn be compatible
k-ary strings and α be the frequency of the most frequent
symbol ‘a’. Then dpr(S,T) ≤ 2(n–α).
Proof: The bound holds trivially when n = 2, since at most
one flip is needed. If Sn =Tn = a then S1S2S3…Sn-1 and
T1T2T3…Tn-1 are compatible strings of length n – 1 where ‘a’
occurs α – 1 times, the problem size reduces by 1. Thus by
induction dpr(S,T)≤ 2 (n–1 –(α–1)) = 2(n–α). If Sn= Tn ≠ a,
induction gives dpr(S,T) ≤ 2(n–α–1) =2(n–α)–2. Suppose
Sn ≠Tn, without loss of generality assume tn = b (≠ a). Then in
two flips of S, Sn can match Tn and the prefixes of length
n–1 still have α ‘a’s. Hence by induction dpr(S,T) ≤
2 + 2((n–1)–α) = 2(n – α).
■
Chitturi et al. [3] gave an upper bound of 18n/11for
permutations. Thus, Theorem 3 performs better than [3] if
2(n–α)< 18n/11, i.e. k < 6. The bounds given by Theorem 3
for alphabet of size two, three, four and five are n–1, 4n/3,
3n/2 and 8n/5 respectively. A string of length n over alphabet
of size k can be converted into a permutation of length n by
treating each occurrence of a symbol as a unique. This can be
done in numerous ways. Given S = 123123 and T = 332211,
one can map S to 123456 and T to 362514, where the repeated
symbols are mapped to consecutively larger values. Thus, for
k>5 one can use the method of [3].
Bounds for binary flip distance
Theorem 1 gives bpr(S,T) + bepr(S,T) ≤ dpr(S,T) and Theorem
3 gives dpr(S,T) ≤ 2(n – α). Therefore, the bounds for binary
flip distance are bpr(S,T) + bepr(S,T)≤ dpr(S,T) ≤ 2(n – α).
Approximation algorithm for sorting k-ary strings
In this section we describe a general approximation
algorithm, KSort, to sort a string with k symbols by flips. We
use the standard notation for representing strings. A complete
block of x consists of all the ‘x’s in a given string. We
maintain a table for all strings (with their optimum flips)
whose length in standard notation is L(≥k). For small values
of k this is feasible. For example, when sorting the strings
involving human genes, k =4 and L≥4. If the alphabet size is
large (yet less than 18) then we can restrict the size of strings
in the table to k, i.e. we store the optimum flips on
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permutations of size k. The optimum flipping sequences are
known for permutations of length up to 17. For permutations
of length >17, we instead use the algorithm given by Chitturi
et al. [3] with an upper bound of 18n/11.
KSort(S)
Step1) Execute left singles until (a) length(S) in the
standard notation is L or (b) a single does not exist.
Step2)
(a) If length(S)=L, then perform the flips given by the
corresponding entry in the table and terminate.
(b) Here, the string starts with a complete block.
Reverse the prefix that ends just before the symbols
that are at the end and are complete blocks (default is
the end of the string) and go to Step 1).
Analysis
Let the length of the string be n. Recall that the flip
diameter for permutation of length k is denoted by f(k). Each
single can reduces the size of the string by one. Therefore, a
minimum of n-k flips are required to sort the string. We
disregard the advantage obtained by maintaining a table
whose member strings are longer than k. We assume that the
table just has optimum flips for size k permutations.
If the input string executes 2(a) in the first iteration, then
the number of flips executed is n – k and the current length of
string is k. Therefore, the maximum number of flips necessary
for the string is n–k + f(k).
Let αx be a symbol of the alphabet ∑. Every execution of
Step 2b) results in one non-single, and element say ‘e’
(representing a complete block of e’s), is placed at the end of
the string just before the other complete blocks. This element
(block) will not be moved until Step 2a) is executed. The
maximum number of times this can happen is k–2 and the
string will be of the form ((αiαj)+ (αi)* αaαbαcαd…). Here αi and
αj are the only symbols that are not moved to the back of the
string by move 2(b) (Note that some of the complete blocks at
the end of the string might have formed independent of move
2(b).) This string after several left singles will yield
(αjαiαaαbαcαd…) or (αiαjαaαbαcαd…). The size of the string thus
obtained will be k; hence, there is no need to execute 2(b).
This gives the worst case number of flips as (n–k) + k–2+ f(k)
= n–2 + f(k).
So, the approximation ratio is (n–2+f(k))/(n–k) =
1+(k+f(k)–2)/(n–k). For large strings, n >> k and f(k)≤ 18k/11
[3]. Therefore, the approximation ratio is close to 1.

3
3.1

Complexity
Prefix reversal distance for binary strings

Theorem 2 proved that the optimum binary sorting (a
special case of transforming strings) requires either B – 2 flips
or B – 1 flips depending on whether the string ends with a ‘1’
or a ‘0’. In this section we study the complexity of flip
distance between two arbitrary binary strings and show that it
is NP-complete. Since binary strings are a subset of ternary
strings, (in general a k-ary string is a special case of (k+1)-ary
string) finding flip distance for a (k+1)-ary string is at least as
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hard as finding flip distance for k-ary string. This means that
if we can show that the binary version of the problem is
difficult, then any k-ary (k>2) version is also difficult.
First, we prove a weaker result. We show that flip distance
between a binary string and a set of compatible strings is
NP-complete. Then we show that dpr(S,T) for strings is NPcomplete. Garey and Johnson [9] proved that the 3-Partition
problem is strongly NP-complete. Thus, if 3-Partition reduces
to a problem P by a pseudo polynomial reduction then P is
NP-hard. The definition of 3-Partition is given below.
3-Partition
Instance: Given a set A = { b1, b2,…, b3m }, a positive integer
bound B, and a positive integer size s(bi)= ai, for each bi in A,
such that B/4 < ai < B/2 and (bi∈A)Σ s(bi) = mB.
Question: Can A be partitioned into m disjoint sets
A1,A2,…,Am such that for all i (1 ≤i ≤ m ), (b∈Ai)Σ s(b)=B?. That
is, the sum of the sizes of elements in set Ai is equal to B.
3.1.1
BPRS is NP-complete
Here, flip distance between a string and a set of compatible
binary strings is shown to be NP-complete. We define this
problem as a decision problem, the binary prefix reversal
distance problem from a string to a set (BPRS).
BPRS
Instance: A binary string S and T (a set of strings compatible
with S) of a given length and a positive integer bound d.
Question: Is dpr(S,T) ≤ d?
Theorem 4. BPRS is NP-complete.
Proof: Given a source string S, a target (set of strings) T, and
a sequence of flips of a given length (O(|S|)), verifying that
the given sequence of flips yields a member of T can be done
in polynomial time. Therefore, BPRS is in NP.
Let I be an instance of 3–Partition consisting of the integer
bound B, A = { b1, b2,…, b3m }, and for all the indices ‘j’ the
value s(bj) = aj. From I we construct an instance I* of BPRS
as described hereunder. Note that s(bi) = ai is the value of an
element in 3–Partition problem and in I* it is converted into
an input parameter whose length is ai (pseudo polynomial
reduction). Let I* be an instance of BPRS where
S = 0 a 10 a ..10 a 10 a ,
T = (0 B1+ ) m , and
d = 4m – 1.
Each 0 block in S represents an element bi of
3-Partition and the number of ‘0’s equals s(bi) = ai. We show
that 4m–1 flips are necessary. First we note that o(S) = 3m–1
and z(S) =3m also o(T)=z(T)=m. So, o(S)+ z(S)–(o(T) + z(T))
= 3m – 1 + 3m – (m + m ) = 6m – 1 – 2m = 4m – 1. So, 4m–1
flips are required to transform S into T. We complete the
proof the theorem by showing that (a) if S can be transformed
into T in 4m–1 flips then 3-Partition has solution, and (b) if
3-Partition has solution, S can be transformed into a member
of T in 4m–1 flips.
First we show that Condition (a) holds. Since S is
transformed into a member of T in minimum possible moves,
no 0-block can be split. Note that for all values of i, ai > B/4
1

2

3 m −1

3m
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and ai is an integer. Thus, any four blocks of zeros put
together will form a block which has at least B+4 zeros. Also,
if two 0 blocks of S and one ‘10’ are merged together with
flips, then the total number of zeros they can produce is at
most B – 1. So, each 0 block in T is formed from exactly
three 0 blocks of S. Thus, we can list the moves made by
BPRS and note which 0 blocks corresponding to which three
ai’s are combined together, i.e. {ai1,ai2,ai3}. The number m of
such triples give the solution for 3-Partition.
A simple algorithm meets Condition (b) but it is omitted
due to lack of space
■
A member of T from Theorem 4 can be transformed into a
string U, where U = 12m-1(10B)m in at most 2m – 2 flips. The
following flips achieve this transformation.
[1+ 0 B ..1+ 0 B ]1+ 0 B → 0 B1+ ..0 B1+10 B
[0 B1+ ..0 B1+ ]10 B → 1+ 0 B ..1+ 0 B10 B

[1+ 0 B ..0 B ]1+ 0 B10 B → 0 B ..0 B1+ 0 B10 B
[0 B ..0 B1+ ]10 B10 B → 1+ 0 B ..1+ 0 B (10 B ) 2 etc.
Thus, S from the Theorem 4 can be transformed into U in
4m–1 + 2m – 2 = 6m – 3 flips. A reduction from 3-Partition
to the problem of transforming S to U in 6m–3 flips, where U
has 4m–1 different adjacencies compared to S is plausible but
the necessity of the additional (6m–3)–(4m–1) = 2m –2 flips
should be justified. This is possible only if none of the
singleton ‘1’s of S can be directly used in forming the blocks
of 10 B in U; i.e. all the original singleton ‘1’s should become
larger blocks (i.e. 11+) first and then they need to be broken.
This cannot be justified. To overcome this issue, in Section
3.1.2 we modify the source string such that all the singleton
‘1’s are changed into blocks of size >1. In fact this is
necessary and sufficient condition for this reduction to work.
Based on the total number of 1s present in S, the length of the
leading 1 block of U will change. This modification forces
one to (a) form singleton ‘1’s, and (b) reduce the ‘1’ blocks
of length greater than one. These two tasks are independent.

3.1.2
PRD is NP-complete
In this section we define the flip distance between binary
strings as a decision problem, the prefix reversal distance
problem, PRD. We reduce 3-Partition to PRD.
Prefix reversal distance problem (PRD)
Instance: Binary strings S and T of a given length and a
positive integer bound d.
Question: Is d pr ( S , T ) ≤ d?
Theorem 5. PRD is NP-complete.
Proof: PRD is in NP because for a solution sequence of a
given length, the flips can be executed in polynomial time.
Then one can verify in polynomial time whether the resultant
string is the target string (T) or not.
Let I be an instance of 3-Partition from which we construct
an instance I* of PRD as described here. The reduction is
pseudo polynomial. Let I* be an instance where
S = 0 a 12 0 a ..12 0 a 12 0 a ,
T= 15m-2 (10B)m and
1

2

3 m −1

3m

d = 6m – 3.
Each 0 block in S represents an element bi of 3-Partition
and the number of ‘0’s equals s(bi) = ai. In S the size of 1
blocks is two, however, this reduction works for any size
greater than one and correspondingly the size of the leading 1
block of T changes. We also note that all the 1 blocks need
not be of the same size. We show that 6m – 3 flips are
necessary. Depending on the sizes of 1 blocks present in S,
correspondingly the size of the leading 1 block of T changes.
Let the 1 blocks whose length is greater than one be big
blocks. In transforming S into T any sequence of moves must
accomplish the following: (a) reduce the number of big blocks
by 3m – 2, (b) reduce the number of 0 blocks by 2m, and (c)
create m – 1 singleton ‘1’s. Let (a), (b), and (c) be compound
tasks. A task that defines one unit of the compound task is
unit task. Therefore, task (a) has 3m–2 unit tasks, task (b) has
2m unit tasks, and task (c) has m – 1 unit tasks. These tasks
combined can be accomplished in (3m – 2) + 2m +(m – 1) =
6m – 3 flips. If we show that these tasks are independent then
indeed 6m – 3 flips are necessary. That is, if we can show that
performing one task does not contribute towards another task,
6m – 3 flips are required.
Earlier we showed that a flip can increase or decrease the
number of blocks by at most one. Consider the flips that can
accomplish each of the unit tasks: Unit task (a) is
accomplished by (a1) ([1+..0]1+…) which reduces exactly one
big block, or (a2) ([1+..01]1+...) which reduces one big block
and creates a singleton 1. Unit task (b) is accomplished only
by the flip ([0...1]0+…) and reduces exactly one 0 block. Unit
task(c) is accomplished by either (c1) ([0…01]11+0…) which
creates exactly one singleton 1, or by (c2) ([0…01]10…)
which creates two singleton ‘1’s, or by (c3) ([0…11+]10…)
which creates one singleton 1. Unit task (b) decreases ‘0’
blocks by one and cannot alter the ‘1’ blocks. Clearly unit
task (b) is independent of unit tasks (a) and (c).
If a ‘0’ block is broken then an additional unit task (b) is
required. If a ‘1’ block is broken into two big blocks, it does
not contribute to any of the tasks. Now we should establish
independence of unit tasks (a) and (c). The flip (a1) does not
contribute towards unit task (c). The flip (a2), i.e.
([1+..01]1+...)→(10…1+…), reduces one big block (unit task
(a)) and also creates a singleton (unit task (c)), that comes to
the front of the string. Consider any flip on the resultant string
(10…1+…). This flip can either (i) join the leading singleton
‘1’ to another ‘1’ block (size> 2) and hence the singleton
ceases to exist, or (ii) flip the entire string bringing the leading
singleton ‘1’ to the end of the string, or (iii) perform
([10…1]0…). Note that, if a flip joins the singleton ‘1’ at the
beginning of the string to another singleton ‘1’ then in total
two singleton 1’s are lost and hence that move is not
considered above. If flip (i) is executed then in 2 consecutive
flips only one unit task (a) is accomplished. If flip (ii) is
executed then in 2 consecutive flips only one unit task (a) is
accomplished (T does not end in a ‘1’). If flip (iii) is executed
then the first flip accomplishes unit task (a) and the second
flip accomplishes unit task (c). Thus, unit task (a) does not
contribute towards unit task (c).
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Because of the above reasoning, in order to accomplish unit
task (c), flips (c1) and (c2) cannot be used. The flip (c3)
breaks a ‘1’ block and hence cannot contribute towards unit
task (a). Therefore, all the unit tasks are independent and
hence 6m – 3 flips are necessary.
We complete the proof of this theorem by showing that (a)
if S can be transformed into T in 6m–3 flips then
3-Partition has solution, and (b) if 3-Partition has solution, S
can be transformed into T in 6m–3 flips.
First we show that condition (a) is true. Since S is
transformed into T in the minimum possible moves, no ‘0’
block can be split. Notice that for all values of i, ai > B/4 and
ai is an integer. Therefore, any four blocks of zeros put
together will form a block which has at least B+4 zeros. Also,
if two ‘0’ blocks of S and one ‘10’ are merged together with
prefix transpositions, then the total number of zeros they can
produce is at most B – 1. Therefore, each 0 block in T is
formed from exactly three 0 blocks of S. So, we can list the
moves made by PRD and note which 0 blocks corresponding
to which three ai’s are combined together, i.e. {ai1, ai2, ai3}.
The number m of such triples give the solution for
3–Partition.
The condition (b) specifies that if 3-Partition has solution
then S can be transformed into T in 6m–3 flips. Let the sum
a
a
a
aj1+aj2 +aj3 be B. We define the blocks 0 j1 , 0 j 2 , and 0 j 3 as
components and they are partners of each other. In the
following pairs of blocks the first block and the second block
a
a +a
a
a +a
are also partners of each other: { 0 j1 , 0 j 2 j 3 }, { 0 j 2 , 0 j1 j 3 }
a +a

a

and { 0 j 3 , 0 j1 j 2 }. Let a block of B ‘0’s be a complete
component and a block with two components joined be a
semi-complete component. Let a 0 block with less than B ‘0’s
be an incomplete component. Let 10 B be a gadget. PRD(S,T)
forms the complete components (and gadgets) from the
rightmost end and transforms S into T in 6m – 3 flips.
PRD(S,T)
1. Let a11 and a12 be partners. Execute the flip:
[0 a 12 ..12 ]0 a ..12 0 a 12 0 a → 12 ..12 0 a + a ..12 0 a 12 0 a
(This flip joins two components).
2. (a) In the next two flips bring the leftmost partner of
0 a (a component or the semi-complete component
a +a
)) to the front and then join it with its leftmost
(0
partner; this takes two flips. If a11, a12 and a3m are
partners (i.e. a13= a3m ) then: (I) three flips are consumed,
reducing 0 blocks by two and 1 blocks by one, (II) one
complete component is formed, and (III) the sub step
2(b) is not necessary, proceed to step 3.
(b) In the next two flips bring the semi-complete
component just formed in 2)(a) to the front and then join
it with 0 a forming a complete block preceded by 1
block. The resulting string is of the form
12 ..0 a + a ..1+10 B .
After executing steps 1 and 2, there are two situations,
either (S1) the total number of blocks reduced is five,
i.e. three 0 blocks and two 1 blocks and five flips are
11

12

3m

11

12

3m

11

12

3 m −1

3m

11

12

3 m −1

3m
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executed (steps 1, sub steps 2(a) and 2(b)), or (S2) the
total number of blocks reduced is three, i.e. two 0 blocks
and one 1 block and three flips executed (step 1 and step
2(a)).
3. Repeat the following for m–1 iterations.
(a) In two flips bring the leftmost incomplete component
to the front and join it to its partner. Then execute (b1)
or (b2) based on whether the 0 block just formed is
complete or incomplete. When (b1) is executed, step 3
consumes four flips per iteration; otherwise step 3 will
consume six flips per iteration.
(b1) If the 0 block formed in (a) is a complete
component then perform the following two flips. In
the first flip bring the complete component just
formed to the front, and then execute the flip
[0 B11+ ..1+ ](10 B ) k → 1+ ..11+ (10 B ) k +1 . If a13 ≠ a3m (see
step 2) and 0 a + a is the leftmost incomplete
component of the above step only then this step is
executed.
(b2) If the block thus formed in (a) is incomplete,
then in two flips join it with its final partner. The two
subsequent flips accomplish the following tasks. The
first flip brings the complete component just formed
to the front and the second one is
[0 B11+ ..1+ ](10 B ) k → 1+ ..11+ (10 B ) k +1 which puts the
currently formed gadget just in front of the
remaining gadgets.
The final flips of steps 3(b1) and 3(b2) are the only flips
that create a singleton 1 and these flips together are performed
exactly m–1 times, corresponding to the last m–1 gadgets.
Step 3 involves (3(a), 3(b1)) which executes four flips, or
(3(a), 3(b2)) which executes six flips. The sequence ( 3(a),
3(b1) ) is executed iff (a11, a12, a3m) are not partners of each
other. Thus the total number of flips performed by the
algorithm are 3+(m–1)6 = 6m–3 or 5 +(m–2)6 + 4 = 6m–3.
So, in m–1 iterations m–1 gadgets are formed in Step 3) and
all the remaining ‘1’s are grouped at the front of the string.
Steps 1) and 2) form the first gadget.
11

12

Proof of correctness of the algorithm
The string will be of the form 12..0 a + a ..1+10 B after steps 1)
and 2). By the design of the algorithm, after every iteration of
the step 3) the string will be of the form 1+..11+ (10 B ) k +1 . After
3m–2 iterations of step 3) the string will be of the form
1w0 p1x 0 q1y 0 r1z1(10 B ) m−1 , where p+q+r = B and w+x+y+z+m =
6m–2.
The following sequence constitutes the final flips:
[1w0 p ]1x 0q1y 0r1z1(10B )m−1 →0 p1x+w0q1y 0r1z1(10B )m−1
11

12

[0 p1x+w ]0q1y 0r1z1(10B ) m−1 → 1x+w 0q+ p1y 0r1z1(10B ) m−1
[1x+w0q+ p ]1y 0r1z1(10B ) m−1 → 0q+ p1w+ x+ y 0r1z1(10B ) m−1

[0 q+ p1w+ x+ y ]0 r1z1(10B ) m−1 → 1w+ x+ y 0 p+ q+r1z1(10B ) m−1
[1w+ x + y 0 B ]1z1(10 B ) m −1 → 0 B1x + y + w+ z1(10 B ) m −1

[0 B1x + y + w+ z +1 ](10 B ) m−1 → 1x + y + w+ z (10 B ) m .
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Because w+x+y+z+m = 6m–2, we have w+x+y+z = 5m–2.
Thus, we obtain the target string T in 6m – 3 flips. Parts (a)
and (b) together prove that PRD is NP-complete.
■
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On approximating flip distance

An approximation algorithm for dpr(S,T) is sought because
dpr(S,T) is NP-complete (Theorem 5). First, we survey the
relevant work. Goldstein et al. [11] showed that Minimum
Common String Partition Problem (MCSP) and signed MCSP
(SMCSP) are NP-hard if the symbols repeat two or more
times. Chen et al. [1] defined a related problem, minimum
common partition problem (MCP). For a given pair of signed
strings S and T and their respective partitions S p and T p, the
pair (S p, T p) constitutes a MCP for S and T if there is a
bijection from S p to T p such that if Si∈S p is mapped to
Tj∈T p then Si = Tj or Si = TjR, (thus, applicable for flips) and
|S p| (or |T p|) is minimum (In MCSP, Si = TjR, is not allowed).
For two strings S = 123123 and T = 321321 MCSP yields a
set of six singletons, however, the size of MCP is one, i.e.
S1 = 123123, and T1 = 321321 (=(S1)R). One flip [123123]→
321321 transforms S into T. The maximum independent set
problem ≤p MCP [1]. Thus, MCP is NP-hard. Chitturi
independently proved that deciding whether a given pair of
strings has MCP of size k is NP-complete [2].
Given a MCP (S p,T p) of size k of (S,T) any optimum
algorithm must make k–1 new adjacencies to transform S into
T. Each Si ∈ S p (Ti∈ T p) of MCP is an object. A flip can
make at most one new adjacency; so ≥ k–1 flips are needed.
Because each object Si (Ti) is a string one needs to employ
dspr(S p,T p), where dspr is the signed flip distance. A PTAS
with a ratio of 2 by Cohen and Blum [6] for dspr(S,T) for
permutations of length n has an upper bound of 2n–2. Thus,
dspr(S p,T p) ≤ 2k–2. So, MCP of S, T yields a PTAS for flips
over strings with a ratio of (2k–2)/(k–1) =2. A PTAS for MCP
with a ratio of r yields the same with a ratio of 2r for dpr(S,T).
Cormode and Muthukrishnan [7] gave an O(log n log* n)
approximation algorithm for String Edit Distance Matching
Problem with Moves consisting of: (insert a character, delete
a character, move a substring). Shapira and Storer showed
that eliminating the first two operations changes the edit
distance by at most a constant multiplicative factor [16]. Thus,
[7] gives O(log n log* n) approximation algorithm for MCSP.
Similar results for MCP will yield an approximation
algorithm for flip distance over strings. For permutations, a
PTAS with a ratio of two exists [8].

5

Conclusions

We present upper and lower bounds for transforming
strings with flips. In sorting, 2Sort is optimum for binary
strings, 3Sort needs minimum+2 flips for ternary strings, and
KSort needs minimum+f(k) flips for k-ary (k>3) strings where
f(k)≤ k–2+18k/11. This provides strong evidence that sorting
is a special (easier) case of transforming strings. An
algorithm to optimally sort any k-ary strings, a PTAS for
dpr(S,T), and a PTAS for MCP remain open problems.
Another open problem is the signed flips on strings.
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Abstract - The human immune system has been successful in
defending the human body against a wide number of attacks.
Danger Theory explains the process of launching an immune
response while in dangerous state and not only reacting to
non-self.
Danger theory can be applied to various
application areas. Among these, intrusion detection is the
most closely linked to the human immune system. In this
paper, danger theory interactions of an adaptive immune
system are modeled for intrusion detection.

Signals collected by immature DCs (iDCs) are
transformed to output concentrations of costimulatory
molecules (csm), semi-mature cytokines (smDC) and mature
cytokines (mDC). mDCs have an activating effect while
smDCs have a suppressive effect. If the concentration of
mDCs is greater than the smDCs, the antigen is presented in a
dangerous context. It is possible to count how many times an
antigen had been presented in either context to determine if
the antigen is classified as anomalous [4].

Keywords: Danger theory, primary immune response,
secondary immune response

2

1

Introduction

Danger Theory [1] [2] explains that the human immune
system does not only respond to foreignness by discriminating
against non-self when compared to self but reacts to danger
signals. With Danger Theory, the immune system detects
endogenous signals resulting from damage or stress to the
tissue cells. A damaged cell sends alarm signals that are
collected and captured by antigen presenting cells (APCs)
collect that are in the neighborhood. It is believed that such
signals are detected and processed through APCs known as
Dendritic cells (DCs), which influence T-cell responses. On
the other hand, the absence of danger signals and the presence
of cytokines released as a result of apoptosis can lead to
deleting a matching T-cell.
When a cell is in distress, it sends out an alarm signal
that is collected and captured by APCs that are in the
neighborhood.
A danger zone is established around the
danger signal and the B cells that produce antibodies that
match the antigens within the danger zone get stimulated and
undergo the clonal expansion process. The cells that do not
match or are too far away do not get stimulated. The revised
view of danger theory in [3] explains that B cells identify
bacteria and sends a signal of 1 to T helper (Th) cells. At the
same time APCs sense danger as well as identify bacteria in
the danger zone and sends a signal to the same Th cell.
Accordingly, the Th cell confirms the presence of dangerous
bacteria to the B cell and notifies other APCs which is
responsible of activating T killer (Tk) cells that starts the
immune response.

Systems employing Danger Theory
concepts

Burgess [5] developed Cfengine, which employs the
concepts of Danger Theory. In his system, statistical anomaly
is identified as the danger signal and that the content of the
observed events controls the degree of the signal. A statistical
filter using a time series prediction was used to detect the
significance of deviation. A locally optimized policy
determined how the system should respond to observed
events.
Begnum and Burgess [6] combined both Cfengine[5]
and pH [7]. In the extended system, pH adjusts its monitoring
level utilizing inputs from Cfengine, and Cfengine adjusts its
behavior in response to signals from pH.
Le Boudec and Sarafijanovic [8] extended their earlier
work on mobile ad-hoc networks and applied Danger Theory
concepts by considering a packet loss in the network as a
danger signal. Co-stimulation signals were used to confirm
successful detector detection, where good performing
detectors become memory detectors. Using danger signals
and memory detectors improved false positive error rates and
detection rates.
Aickelin et al. [3] [9] aimed to build a computational
model of danger theory in which they can define, explore, and
find danger signals that will help build intrusion detection
systems (IDSs) with a low false positive error rate. Signals
were collected from hosts and network and then the signals
were correlated with IDS alerts. Their alerts are classified
similar to apoptosis and necrosis deaths of biological cells.
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Bentley et al [10] introduced the concept of artificial
tissue to which apoptosis and necrosis deaths occur. They
stressed that the tissue is an integral part of the immune
reaction that releases danger signals when it dies under
stressful conditions. It also acted as an interface between
immune responses and pathogenic attacks. Their tissue was
able to change its structure according to the input data
provided. When additional input was provided that caused
restructuring, some data cells die releasing danger signals and
providing a spatial and temporal structure, enabling the AIS to
start immune responses.
Greensmith et al [4] employed Dendritic cells (DC’s)
within the artificial immune system to coordinate T cell
immune responses. Immature DCs (iDCs) sense the
environment for antigens and danger signals. The type and
concentration of signals lead DCs to differentiate into either
mature or semi-mature cytokines. These cytokines influence
the differentiation of naive T cells into several distinctive
paths such as helper T cells or killer T cells.
Kim et al [11] expanded the Greensmith et al’s [4] work
by discussing T cell immunity and tolerance for computer
worm detection. They embedded in their danger theory-based
AIS, CARDINAL (Cooperative Automated worm Response
and Detection ImmunNe ALgorithm), T-cell maturation,
differentiation and proliferation.
Kim et al [12] proposed a danger theory inspired
artificial immune system for detecting and responding to
malicious code execution by combining the DC and T-cell
functionalities. The system was able to detect danger from
collecting environmental conditions, identify the attack
signatures and finally respond to an on-going attack.
The Dendritic Cell algorithm (DCA) [13] is a population
based algorithm.
The user defines the number of DCs
created to form a sampling pool and is exposed to current
signal values and selects a slot in the antigen store. Each DC
has the opportunity to sample multiple antigens. As the DCs
collect antigens, internal cytokine values are re-calculated and
measured. An antigen presented by cells expressing mature
cytokines is labeled ‘mature context antigen’. Antigen from
cells expressing semi-mature cytokines is labeled as ‘semimature’. Antigen’s context is recorded and a mean antigen
context value is derived.

3

Modeling
response

the

Immune

system

This section explains the primary and secondary immune
systems response.

3.1.1

Primary immune system response
Utilizing Danger Theory, Figure 1 models the primary
immune system response to the presence of bacteria and
danger signals. In general, B cell captures antigen (specific
antigen) and at the same time DC captures antigen (any
antigen) and senses danger signals. DC presents the antigen
in context (antigen signature and surrounding status: natural
or un-natural death) and causes naïve T cell maturation. T
cell, accordingly, differentiates to T helper 1, T helper 2 and
T killer cells. B cell presents antigen to Th1 and then Th1
primes or downgrades killer T and Th2 cloning. Depending
on the strength of the prime message, Killer T and Th2 start
their cloning expansion and generation of memory killer T,
memory Th1 and memory Th2. Th1 confirms the antigen to
B cell and B cell starts to secrete antibodies that bind to
antigen to flag it for destruction. B cell starts its cloning
expansion and generation of memory B cells. After B cell
binds to the bacteria, the cloned Killer T cells start attacking
the previously flagged bacteria. It is important to understand
that only the bacteria that were flagged for destruction will be
eliminated by the Killer T cells. At the same time other nondangerous bacteria may exist in the same zone and will not be
killed.
The following traces the primary immune system
response as shown in Figure 1:
1.1. B cell capture antigen (specific antigen).
1.2. DC capture antigen (any antigen).
1.3. DC sense danger signal.
2.
DC present antigen in context (antigen signature and
surrounding status: natural or un-natural death) and cause
naïve T cell maturation.
3.1., 3.2., and 3.3. T cell differentiation.
3.4. B cell present antigen to Th1.
4.1. and 4.2. Th1 prime or downgrade killer T and Th2
cloning.
5.1. and 5.2. Killer T and Th2 cloning expansion.
5.3. , 5.4., and 5.5. Generation of memory killer T, memory
Th1 and memory Th2.
6.1. Th1 confirm antigen to B cell.
6.2 Prime B cell to secrete antibodies that bind to antigen to
flag it for destruction.
7.1. B cell cloning expansion.
7.2. Generation of memory B cells.
8. B cell bind to bacteria.
9. Killer T cell attack bacteria.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

601

Healthy cells

Bacteria

8

Damaged cell

1.2

1.3

1.1
iDC

B Cell

7.1

7.2

6.2

2

3.4
Naïve T
cell

6.1
9
3.1

Killer T
cell

3.3

3.2

memory
B Cell

4.2

Th2

Th1
4.1

5.1

5.2
5.4
5.5

5.3
Memory Killer
T cell

Memory Th1

Memory Th2

Figure 1. Primary immune system response.

3.1.2

Secondary immune system response
Utilizing Danger Theory, Figure 2 models the secondary
immune system response. It is similar to the primary immune
system response but differs in the fact that bacteria and
sensing danger it now performed by memory cells of both B
and DC cells and that such processing is performed faster.
This is because in the secondary immune system response, the
bacteria have been seen before; therefore the immune system
reaction will be specific and faster.
The following traces the secondary immune system
response as shown in Figure 2:

1.1. Memory B cell capture antigen.
1.2. DC capture antigen.
1.3. DC sense danger signal.
2.1. Memory B cell present antigen signature to Th1 cell.
2.2. DC present antigen in context to Th1 cell.
3.1. Memory Th1 cell confirms antigen presence to memory B
cell.
3.2. Memory Th1 primes killer T to start cloning.
3.3. Memory Th1 primes Th2 to start cloning.
4. Expansion cloning of B, killer T and Th2 cells.
5.1. Th2 prime B cell to secrete antibodies.
5.2. B cell binds to antigen.
6. Killer T cell attack bacteria.
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3.1.3

B cell life cycle
Figure 3 explains the life cycle of both B and memory B
cells. Each B and memory B cell is given an activation
threshold and a life span. B cell circulates the system sensing
non-self entities. If a non-self is detected, the B cell’s
activation counter is incremented. If an activation counter
exceeds it activation threshold then the B cell becomes a
memory B cell. On equal intervals, the activation threshold is
checked and if it did not reach at least its minimum activation
threshold within its life span then the cell is deleted. If the
activation counter is above its minimum activation threshold
but less than the maximum activation threshold, it undergoes
hyper mutation and a new signature is created for the B cell.
Memory B cells also circulate the system and on equal
intervals their associated activation counter is checked. If it
exceeds it maximum activation threshold it is left to circulate
the system. However, if it did not exceed its activation
threshold within its life span it undergoes hyper mutation and
a new signature is created.

4

Conclusions

Danger theory has been successful in explaining the
human immune system and how it defends against invading
pathogens. By utilizing this theory, intrusion detection
systems based on artificial immune systems can be developed.
Research has studied the different functionalities of Danger
Theory. In this paper the primary and secondary immune
response has been modeled. Using such models will facilitate
implementing systems utilizing immune system responses.
Furthermore, it can be used as a tool to explain the
mechanisms of Danger Theory and how different cells such as
B, DC and T cells interact to respond to an intrusion. B cells
can be mapped to engines that identify intrusions instances.
DCs can be mapped to engines that gather statistics about the
system and indicate if the system is undergoing an attack or if
still in safe state. T cells can be tools that respond to attacks.
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Automatic Cell Identification
Using a Multiple Marked Point Process
Hiroshi Hatsuda
Department of Computational Biology, The University of Tokyo, Kashiwa, Chiba, Japan

Abstract - Identifying individual cells in biomedical images is
a challenging problem because they tend to have unclear cell
boundaries. Furthermore, since both genetic engineering and
imaging technologies have made great progress in recent
years, it is possible to obtain a large amount of biomedical
image data. We thus face a strong need to automatically
extract individual cells in a large number of obscure
biomedical images. In this paper, we present a stochastic
approach to identify cells based on a marked point process of
ellipses, whose points are the positions of the cells and marks
are their geometric attributes. It is an energy minimization
problem, where the energy consists of a data term, which
measures the consistence of the ellipses to the features in the
images, and a prior term, which introduces some constraints
on the interactions of the ellipses. Results are shown on a set
of cat retinal images.
Keywords: Cell image, Object extraction, Stochastic models,
Marked point process, Monte Carlo simulations

1

Introduction

Identifying individual cells in biomedical images has
been becoming more and more important for current
medicine and biology. New multimodal imaging techniques
produce a huge amount of data on anatomical structures
related to functions in a non-invasive manner.
Morphologically inspecting anatomical images can allow the
diagnoses of diseases and injuries at early stages, and enable
the delivery of less invasive and highly targeted medical
therapies [1]. In addition, the success of genome sequencing
projects has led to the development of genetic technologies to
perturb individual genes systematically in sequenced
genomes. Observing the effects of perturbed genes on cells by
using the systematic genome-wide techniques is reliable and
has become a standard strategy for identifying gene functions
[2]. The morphology of the gene-perturbed cells is one of the
most significant features to be examined. For example, Ohya
et al. collected genome-wide yeast knockout mutants and
took pictures of their isolated cells [3]. They identified the
functions of several unannotated genes by analyzing the
morphologies of the cells [3]. Although morphological
analysis has a significant role in medicine and biology, it does
not exert its potential to the full extent. This is because most
of the biomedical images contain complex structures and
unclear object boundaries and thus modern image processing

and computer vision algorithms still cannot analyze them
successfully. For instance, the computer-aided screening of
mammography significantly decreased diagnostic accuracy,
even though it was approved by the Food and Drug
Administration [4]. The success of the yeast morphological
study [3] depends on highly-controlled clear images of
isolated cells. In general, the automatic morphological
analysis of biomedical images is a challenging problem, and
there is a strong demand to solve this problem.
Several algorithms for segmenting cells in biomedical
images have been proposed. Active contour is one of the most
widely-used and well-studied image segmentation techniques
in biomedical imaging [5]. Active contour model uses the
smoothness or the symmetry of the contour as a constraint on
its geometric features. Although it is a powerful approach, it
has two difficult issues related to topological change and
initialization [6]. In other words, contours must be initialized
close to the boundaries for all objects in order that active
contour model successfully extracts unknown number of
objects. Therefore, active contour model cannot be used in
our study. Level set image segmentation overcomes the
problem with topological change [7]. While it can deal with
unknown number of cells, it is difficult to integrate complex
geometric features. Therefore, it is susceptible to local noise
in object boundaries, and there is difficulty in employing the
level set method for our purpose. Although some primitive
methods such as thresholding [8], region growing [9], and
watershed image segmentation [10] can be free from these
two problems by using ad hoc rules, they cannot perform well
in complex and obscure biomedical images. This is because
they are all pixel-based approaches and they do not take
account of the geometric constraints of target objects. They
thus are vulnerable to local noises in biomedical images and
provide a lot of merged or over-divided cells. Interactive
technique is the most accurate way to segment obscure cells.
The precision of state-of-the-art interactive image
segmentation algorithms is much higher than that of
automatic ones. For example, soft scissors technique can even
extract individual hairs of a dog [11]. No automatic
approaches can exhibit this extreme accuracy. However, it is
obviously impractical to use interactive techniques for our
purpose because it demands that we roughly drag all of the
cell boundaries.
Probabilistic approaches are now widely used in image
processing and computer vision. They provide a powerful
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framework for solving inverse problems such as image
segmentation [12]. They have also proved to be one of the
most successful techniques capable of incorporating the
geometric features of target objects into image segmentation
algorithms to overcome the limitations of classic pixel-based
methods. A marked point process-based model [13] is one of
the most efficient stochastic approaches, and it has already
several applications to aerial image analysis such as the
extraction of tree crowns [14] and road networks [15]. There
are some similarities between aerial and biomedical images;
they tend to have a large number of objects and their
boundaries are apt to be unclear, which leads to the failure of
the previous algorithms to successfully analyze biomedical
images. Given the successes of these applications to aerial
images, we can expect that the marked point process-based
stochastic methods also perform well in biomedical images.
Therefore, we propose a stochastic approach to identify
individual cells in biomedical images based on a marked
point process in this paper. The marked point process [13]
models random variables whose realizations are
configurations of geometric objects including disks [14] and
line segments [15]. This modeling can handle an unknown
number of geometric objects in an image, and cope with both
data information to fit the objects in an image and prior
information about some constraints on the interactions
between the objects. This model is formulated as a Gibbs
density, and the maximum density is estimated by a Markov
chain Monte Carlo (MCMC) technique based on a birth-anddeath sampler [14] coupled with the traditional simulated
annealing [16].

2
2.1

Method
A marked point process model and Gibbs
energy

We model biomedical tissue images as consisted of cells
whose positions and features are determined by a marked
point process [14, 15, 17] in X = P × M . X is a point
process in a position space P where each point is associated
with a mark from a mark apace M . In this study, the Poisson
process defines complete random configurations of points in
P , and M is composed of a set of parameters of ellipses. A
marked point process extends a point process by adding
specific marks associated with a parametric object to each
point to model images in terms of geometrical features. We
thus can consider tissue images as the configuration of
elliptical cells.
In order to model both consistent measurements with
data and the interactions between objects realized from the
marked point process, we define the density of a configuration
of objects with respect to the distribution of a reference
Poisson process. A marked point process can be specified by
using a Gibbs energy U ( x) , and the density d ( x) of a
configuration x is formulated by the Gibbs equation

d ( x) =

1
exp ( −U ( x) ) ,
Z

(1)

∫

where Z is a normalizing constant Z = exp ( −U ( x) )dx .

This density will be maximized on the optimum configuration

x . In other words, the optimum configuration can be
determined by minimizing the Gibbs energy U ( x ) . This
modeling takes into account how the objects fit to the data
(the data energy U d ( x) ) and their interactions (the prior
energy U p ( x ) ):

U ( x) = wd U d ( x) + w pU p ( x),

(2)

where wd and w p are some weights, respectively.

2.2

Data energy

We consider an ellipse as our reference object to model
a cell because the shapes of cells can be approximated by
ellipses. In biomedical tissue images, the luminance of a cell
is different from that of background. Thus, we measure the
difference between the luminance distribution inside an
ellipse and that of the boundary of the ellipse. We need three
parameters to represent an ellipse: semimajor axis a ,
semiminor axis b , and orientation θ . The parameter space
M is
M = ⎡⎣amin , amax ⎤⎦× ⎡⎣bmin , bmax ⎤⎦× [ 0, π ] ,
(3)
where ( amin , amax ) and ( bmin , bmax ) are the minimum and the

maximum semimajor axis and semiminor axis, respectively.
Let xi = ( p, k ) be an ellipse, where p is a position and
k = ( a, b,θ ) are the marks. We define the boundary of the

ellipse as the region between the ellipse xi and a concentric

ellipse xi′ = ( p, k ′ ) , where k ′ = ( a + η , b + η ,θ ) . This
boundary is used as the background of an ellipse. We denote
R1 (i ) the region of an ellipse xi and R2 (i ) the region of its
boundary.
We employ the Bhattacharya distance measure D(i )
between the distribution in R1 (i ) and that in R2 (i ) [14]:
1
2
D (i ) = ( μ1 (i ) − μ2 (i ) ) σ 1 (i ) 2 + σ 2 (i ) 2
4
(4)
⎛ 2σ 1 (i )σ 2 (i ) ⎞
1
,
− log ⎜
⎜ σ (i )2 + σ (i ) 2 ⎟⎟
2
2
⎝ 1
⎠
where μk (i ) is the mean μk (i ) =

the variance σ k (i )

2

∑
=
∑

∑
∑

s∈Rk (i )

s∈Rk (i )

s∈Rk (i )

g ( s)2

s∈Rk (i )

1

g (s)
1

and σ k (i ) 2 is

− μ k ( s ) 2 of the gray
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level value g ( s ) of these two regions.

607

The data energy

U d ( xi ) associated with an ellipse xi is defined as follows:
D (i )
⎧
1−
⎪
T
⎪
U d ( xi ) = ⎨
⎛
⎪exp ⎜ − D(i ) − T
⎪⎩
D (i )
⎝

if D (i ) < T

⎞
⎟ −1
⎠

,

(5)

if D(i ) ≥ T

where T is a threshold parameter. U d ( xi ) ∈ [ −1,1] provides

(a)
(b)
Figure 1. Overlapping ellipses (a) C ( xi , x j ) = 1 ( γ > γ max ),

positive values to weakly contrasted ellipses and negative
values to well located ellipses.

2.3

Prior Energy

Each ellipse in the final configuration denotes a cell in
an image. Because we know that cells do not overlap in a 2D
image, we want to minimize the overlap between the ellipses
in an estimated configuration. However, it is not desirable to
completely forbid overlapping ellipses. This is because the
ellipses are only approximations of the shapes of cells and the
optimum configuration of the ellipses must contain some
slightly overlapping ellipses. We thus introduce penalties for
overlapping ellipses into the prior energy U p ( xi ) :
U p ( xi ) = max C ( xi , x j ),
x j , j ≠i

(6)

where C ( xi , x j ) is an overlapping cost function. We define
the

(b) C ( xi , x j ) = 0 ( γ < γ min )

C ( xi , x j ) ∈ [ 0,1] as follows:

2.4

Energy optimization

To achieve the optimum configuration, we use a birthand-death process proposed by Descombes et al. [14] coupled
with the traditional simulated annealing [16]. In the birth-anddeath scheme, the intensity of the birth of objects is constant,
and the intensity of the death of objects relies on both a
present configuration and the data energy function. The birth
and death rates are defined according to the detailed balance
conditions. This scheme drastically reduces the computation
time of the optimization process compared to reversible jump
Markov Chain Monte Carlo (RJMCMC) algorithms [18, 19].
The algorithm of the birth-and-death process is presented in
Algorithm 1.
Algorithm 1: Birth-and-death simulation process
1. Computation of the data energy: For each i ∈ I on an
image I , the data energy U d ( xi ) is computed from the

⎧
⎪
data. We compute U dm ( xi ) for each mark m ∈ M and
1
if
γ > γ max
⎪
⎪
l
0
if
γ <γ min
, define the minimum data energy U dm ( xi ) at i .
C ( xi , x j ) = ⎨
⎪
2. Computation of the birth rate: For each i ∈ I , the birth rate
⎞
γ min
1
⎪ max ⎛⎜
γ+
, Cr ⎟
otherwise
Bm (i ) for each mark m ∈ M is computed as follows:
⎪
γ min − γ max
⎝ γ max − γ min
⎠
⎩
zbm (i )
(7)
(8)
Bm (i ) =
,
where γ is the area ratio of two overlapping ellipses, and
b (s)
s∈I m
γ max and γ min are respectively threshold ratios for maximum
where z is a parameter of this step and

∑

and minimum overlapping,

the distance penalty,

xi − x j

⎛
xi − x j
Cr = max ⎜ 0,1 −
⎜
bi + b j
⎝

⎞
⎟ is
⎟
⎠

is the Euclidean distance

between the centers of ellipse xi and x j , and bi and b j are
respectively the semiminor axis of xi and x j . Figure 1 shows
the maximum and minimum overlapping ellipses. For each
ellipse, we take the maximum penalty it exhibits with
neighboring ellipses.

bm (i ) = 1 + 9

max s∈I U dm ( s ) − U dm (i )

max s∈I U dm ( s ) − min s∈I U dm ( s )

.

(9)

l
We define the maximum birth rate Bml (i ) , where m

represents a mark that exhibits the maximum birth rate at i .
3. Initialization: The inverse temperature parameter β and
the discretization step δ are initialized.
l at i
4. Birth step: For each i ∈ I , we add an ellipse m

l ) with probability δ B (i ) if no ellipse exists at i
( xi = m
l
m
( xi = 0 ). We use Mersenne twister [20] to generate a
pseudo-random number for the comparison of the
probability.
5. Computation of the prior energy: For each i ∈ I , the prior
energy U cp ( xi ) of the current configuration c is computed.
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Death step: For the configuration of objects
x = {i ∈ I | xi ≠ 0} , we sort them from the highest to the
l

lowest value of U dm ( xi ) . Then, we compute the death rate
d c ( xi ) for each object taken in this order.
defined as follows:
1
d c (i ) =
,
1 + δ ac (i )
where
ac (i ) = exp ( − β U ( xi ) ) .

d c ( xi ) is
(10)
(11)

We delete an object at i with probability d c (i ) .
7. Convergence test: The convergence is achieved if the
following conditions are met: all the objects added in the birth
step have been deleted in the death step, and all the objects
deleted in the death step have been added in the birth step. If
the process has not converged, the temperature and the
discretization step are decreased by a given factor. Then, the
process goes back to the step 4.

3

Experimental results

The proposed algorithm has been tested on a set of cat
retinal images [21]. The retinal images depict a large number
of photoreceptor cells in the outer nuclear layer. It is
important to detect the photoreceptor cells and count the
number for the diagnosis of retina degeneration. Figure 2 and

(a)
(b)
Figure 2. An example of cell identification by using
the proposed method (a) original image (b) our result

3 show the results of photoreceptor cell identification with
our method. In these figures, the circumferences of the
extracted ellipses are colored red. To evaluate these results,
we made a comparison between automatic and manual cell
counts. While the false positive rates are nearly zero, the false
negative rates are approximately 10%. Although our method
underestimates the cell number because of the low contrast
between cell and background in gray level value, this test
demonstrates the effectiveness of our method. Our algorithm
is sufficiently accurate to be used for the diagnosis of retina
degeneration. It is important to note that the previous
approaches described in Introduction have difficulty detecting
individual cells in these images and cannot estimate the cell
number.
In this test, we chose wd , w p , amin , amax , bmin , bmax ,

θ , η , T , γ min , γ max , z , initial β , and initial δ to be 1,
⎧ π π 3π ⎫
1.5, 3, 4, 3, 4, ⎨0, , , ⎬ , 1, 5000, 0.1, 0.9, 20, 50, and
⎩ 4 2 4 ⎭
1000, respectively, for the model and algorithmic parameters.
We decreased respectively β and δ by 0.1 and 5 in each
iteration. The data set consists of 8 125 × 500 TIFF images.
Our algorithm takes approximately 20 seconds for each image
in the data set by using a 2.0 GHz CPU computer.

(a)
(b)
Figure 3. Another example of cell identification by using
the proposed method (a) original image (b) our result
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4

Conclusions

We presented an algorithm to automatically identify
individual cells in biomedical images by using a multiple
marked point process. We extended a disk model in the
stochastic birth-and-death process proposed by Descombes et
al. [14] by adding ellipse models to the mark space. Ellipse
modeling can successfully cope with the shapes of the cells.
Furthermore, we first applied the object extraction technique
that employs the birth-and-death process to biomedical
images. Because biomedical images tend to have unclear cell
boundaries, we need to incorporate geometric information
into object extraction algorithms. In this respect, the multiple
marked point process-based technique outperforms the
previous approaches used in the biomedical imaging literature
for analyzing obscure images containing an unknown number
of cells. We applied our proposed algorithm to a set of cat
retinal images. The results demonstrate the effectiveness of
our method.
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BFAT: Bovine Spongiform Encephalopathy (BSE)
Forensic Analysis Tool
Jack K. Horner
P.O. Box 266
Los Alamos NM 87544 USA

Abstract
BSE is a degenerative central nervous system (CNS) disease transmitted through the ingestion of prion-infected
tissues or excreta. There is no known treatment, and death typically occurs within a few months of initial
diagnosis. Despite the disease's low frequency of occurrence, the public reaction to BSE cases can be
devastating: fewer than 5 BSE cases in Canada halved its beef export market in the early 2000s.
Characterizing a BSE event fast enough to protect public health and to sustain market confidence can be
difficult because forensic information is often incomplete, especially in the first few months after the event.
Here I describe a Bayesian network forensic analysis tool, BFAT, that can help to mitigate some of these
difficulties.
Keywords: bovine spongiform encephalopathy, Bayesian network, mad-cow disease

1.0 Introduction
BSE (aka "mad-cow" disease) is a degenerative
central nervous system (CNS) disease. Its
clinical symptoms, which appear 2-10 years after
infection, can include ([12]):





degeneration of voluntary muscle
coordination
trouble standing and walking
weight loss despite having an appetite
muscle spasms

Advanced stages of the disease are marked by
sponge-like voids in brain tissue ([1]). BSE is
caused by pathological prions ([11]) – small
robust proteins involved in maintaining neural
structure. The disease is transmitted:




to bovines, through the consumption of
BSE-infected tissues (e.g., CNS parts
re-processed as food) or feces, and
possibly, through birthing
to humans (where it typically presents
as variant Creutzfeld-Jakobs disease
(vCJD) and is marked by catastrophic
degradation of intellectual function in
addition to the symptoms listed above),
through the consumption of BSE-

infected tissues, and possibly through prioncontaminated blood products
Genetic factors may play a role in the
transmission of the disease. The disease
spontaneously occurs at the rate of at most ~1
case/million bovines/year.
Cooking does not destroy the prions, and there is
no known treatment. Death typically occurs
within a few months of initial diagnosis.
The largest outbreak of BSE in the last 30 years
was in the UK in the late 1980s and early 1990s
([2]), with:



~170,000 confirmed cases of BSE in
bovines
~170 confirmed vCJD cases in humans

All other BSE cases worldwide combined in the
last 30 years equal about 0.1% of the UK
outbreak described above. In the U.S. in the last
30 years, there have been fewer than 5 confirmed
cases each of:



BSE in bovines
vCJD in humans.
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Despite its low frequency of occurrence of the
disease, the public reaction to BSE cases can be
devastating: fewer than 5 BSE cases in Canada
halved its beef export market in the early 2000s.
This makes BSE is an ideal econo-terrorist
weapon. It can




The objectives of BFAT are to:






Guide the dynamic allocation of limited
resources to help optimize the
control/containment of an outbreak
Support rational, real-time action based
on incomplete and rapidly-changing
field data
Ensure the use of the most-effective
testing and monitoring protocols by
identifying their strengths and
weaknesses
Focus biodefense efforts by gaming the
attractiveness of potential terrorist
targets

The central concept of BFAT is a lineage/feeding
network (LFN). A LFN is a network of groups,
where a group is one or more individuals, in
which each group:



is related genetically to at least one
other group in the collection (e.g.,
through Mendelian inheritance), or
has shared a batch of feed with at least
one other group in the collection (i.e.,
are members of the same feed-batch
cohort)

BFAT can answer several kinds of questions,
including:





cause a market rejection rate five orders
of magnitude larger than its infection
rate
be transmitted through intentional feed
contamination, especially in feedlots,
access to which is typically not
controlled

2.0 Description of BFAT
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What random-testing frequency is
needed to detect with probability Q,
X% of all individuals/groups in an LFN



that have BSE, given a proposed BSEtransmission model?
How likely are individuals/groups in a
LFN to have BSE, given that one
individual/group in this network is
known to have BSE?
What is the likelihood that a feed batch
in a LFN is CNS-contaminated, given
that an individual/group in this network
is known to have BSE?
How likely are individuals/groups in a
LFN to have BSE, given that a batch of
feed in this network is CNS-partscontaminated?

BFAT computes the probability distribution of
BSE disease states in a population P, and/or of
feed-contamination states in feed batches
consumed by P, given





partial knowledge of the distribution of
BSE disease states in P and/or of the
CNS-contamination states of feed
batches consumed by P
a probabilistic BSE-transmission model
for P
an assertion of the disease state of at
least one individual in P and/or of the
CNS-contamination state of feed
batches consumed by that individual

BFAT is a Bayesian network (BN; [3])
implemented in Netica ([5]), a BN development
and runtime framework that is extensible in
several standardized high-order computer
languages. BNs are foundational in many healthallied (e.g., [7]) domains. BFAT's behavior is
determined completely by conditional
probability theory ([6], esp. Chapter 9). The
tool is highly interactive.

In BFAT, a mouse-click




in any region of an observable box
not containing a label toggles that
observable between “computed”
and “asserted” status
over the name of any state in an
observable box in state “asserted”
toggles the observable to that state

The tool can also be executed in batch mode to
support Monte-Carlo simulations.
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3.0 Two scenarios

Let's look at a BFAT analysis of two common
scenarios.

___________________________________________________________________________

Figure 1. BFAT configured for an LFN that contains no feed batches and assumes Mendelian
inheritance of BSE. Boxes represent observables, in this case the disease-state of individuals. The upper
part of a box contains the name of the observable (in this case, an individual bovine or group of bovines);
the lower part of the box shows the probability, expressed as a percentage, that the observable is in the
state named to the left of the probability value. An arrow between Box A and Box B means that the
probabilities of the states of observable B depend on the states of A (the probability definitions are not
shown). Tan boxes contain calculated values. A grey box contains an asserted value -- in this case, that
Jacques is "disease-free".
________________________________________________________________________________________
Scenario 1. Suppose we want to know how
likely it is that individuals/groups in a LFN have
BSE, given that an individual/group in this
network has been determined to have a specific
BSE disease state, assuming that the disease is
transmitted entirely by Mendelian inheritance.
To illustrate how we might answer a question of
this kind with BFAT, let's assume



4 generations, 12 individuals/groups
Mendelian inheritance ([10]) of disease
susceptibility (BFAT also can model
non-Mendelian transmission models)






Disease states are either “Disease Free”
or “Carrier”
The founder generation contains 2
groups with unknown disease states.
We don’t know the likelihoods they are
“Carriers” and, unlike individuallynamed bovines, we don’t know the
history of their physical locations
One individual, "Jacques", is selected
arbitrarily to be a diagnostic input. Any
could have been selected, and the
results will vary by selection
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This scenario is illustrated in the Bayesian network
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shown in Figures 1 and 2.

______________________________________________________________________________

Figure 2. The network shown in Figure 1, with Jacques' disease state changed to "Carrier".
__________________________________________________________________________________________

Note that changing Jacques’ diagnosis from
“Disease Free” in Figure 1 to “Carrier” in Figure
2 changes all the probabilities in the network.
The magnitudes and directions of these changes
are not always intuitive, even in simple cases like
those shown above. For example, Unknown
Male Groups A and B appear to be well
removed from Jacques; however, changing
Jacques' diagnosis to “Carrier”



makes the Unknown Male Groups over
10-fold more likely to be “Carriers”
highlights a sensitivity that should guide
forensic strategy (i.e., there is no a
priori reason to expect the Unknown
Male Groups’ likelihoods of being
“Carriers” to increase this much, and so
it may be prudent to examine more than
just the nine named bovines)

All possible predictions generable by the BFAT
configuration illustrated in Figures 1 and 2 agree
exactly with those of Mendelian theory (only 2
of the 25 possible predictions are presented
here).

Scenario 2. Suppose we want to know the
likelihoods in an LFN that groups/individuals
have BSE and that feed batches are CNScontaminated, given that an individual in this
network has been determined to have a specific
BSE state. To illustrate how we might answer
this kind of question question in BFAT, we posit
(see Figure 3), let's assume



3 feed batches added to the Scenario 1
network
a disease transmission model consisting
of randomized probabilities

This configuration shows that BFAT



is disease-transmission-model-neutral
can support Monte-Carlo-style
simulation ([8],[9]) through random
sampling of any probabilistic diseasetransmission model in an LFN

(An arbitrary disease-transmission model, of
course, may not be biologically realistic.)
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_____________________________________________________________________________________________

Figure 3. Figure 1 with feed-batches added.
_____________________________________________________________________________________________

Figure 4. Figure 3 with Jacques' disease-state changed to "Carrier".
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Figure 4 shows the effects on the network
depicted in Figure 3 when Jacques' disease-state
is changed from "Disease-Free" to "Carrier".
Given this change, the probability that
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Hank and Isabella are carriers
modestly increases
FeedBatch1 is the source of the
infection sharply decreases

These results rationalize focusing forensic
resources on



Hank and Isabella
FeedBatch1 (somewhat counterintuitively), because of its
sensitivity to Jacques’ disease-state

The network in Scenario 2 has




134 probabilities defined by the
application developer (the author)
350 probabilities automatically
computed by Netica
215 possible states

Typical update time for the networks in
Scenarios 1 and 2, given a state-change to an
observable, is ~0.1 sec on a 2-GHz Pentium-4
class PC.

4.0 Discussion
Bayesian networks sometimes raise concerns:
1. Because Bayesian networks require a
specification of their underlying conditional
probabilities, they are not practical, because we
often do not know what those probabilities are.
This concern is less than it might seem. Often, a
forensic determination depends only on whether
the probability value of an observable lies in a
relatively wide range of values. We can use a
Bayesian network to investigate such
sensitivities in well-defined ways. Bayesian
networks are widely used in just this mode in
health-allied decision-making practice.
2. Bayesians, it is sometimes claimed,
regard probability as a measure of belief, but not
everyone agrees that this is the correct
interpretation of probability.
This concern is also less than it might seem.
Bayesian networks are derivable entirely from
the uninterpreted laws of probability, and
therefore presume no particular interpretation of
probability.
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Abstract - This paper explains the object oriented
architecture of the HL7 and its security issues. Primarily, the
security breaches may occur at the direct interaction point of
the HL7 architecture because of its interaction with the
users. This direct interaction point is OnDemandDataSource
class in the existing object oriented architecture of HL7. To
resolve this problem an extended secure architecture of HL7
is provided in the paper. In this two new classes are
suggested, one is SettingsManager, which deals to convert
the input information in the XML formatted string object and
another is DataAccessSettingsManager, which deals to
implement all the security measures available in XML
document. This XML document can contains different
security measures such as Integrity and signatures,
Confidentiality, Key Management, Authentication and
Authorization, etc. Basic templates to implement these
security measures by using XML are also provided for better
understanding.
Keywords: HL7, security, Integrity and signatures, Key
Management, Authentication and Authorization.

1. Introduction
0B

In the current era of Electronic Health Record (EHR) the
health sector is also requires an efficient and standardized
hospital management information system (HIS) [1,2,3].
There are many HIS, implemented in the field. For
interoperability it is required to standardizing the HIS. It can
be done by some existing standards [4, 5, 6] such as the
Health Level 7 (HL7) Clinical Document Architecture
(CDA) [HL7 CDA Release 2.0 2005], CEN EN 13606
EHRcom [CEN prEN 13606-1 2004] and openEHR
[OpenEHR]. These standards aim to structure and markup
the clinical content for the purpose of exchange. There is
also an industrial initiative called Integrating the Healthcare
Enterprise (IHE) [IHE] which is specified the CrossEnterprise Document Sharing (XDS) integration profile [IHE
2005d] for this purpose. The basic idea of IHE XDS is to
store healthcare documents in an ebXML registry/repository
architecture to facilitate their sharing.
In this paper, we explore and analyzed the existing
object oriented architecture of the HL7 [7]. The existing
architecture is having the class OnDemandDataSource to
generate the clinical information for the concern users. This
class is the direct interaction point to the users and hence to
be secure. It implements some accessibility rules but these
rules are not effectively secured and stored information can
be misused by unauthorized personalities. To overcome this

problem, the paper suggests adding two more classes in the
existing architecture, namely, SettingsManager class and
DataAccessSettingsManager class. The SettingsManager
class simply generates the XML formatted information to the
concerned users and DataAccessSettingsManager provides
the rules for security by using XML document. In the later
section the templates of XML document for security are
given to make the implementation easy and understandable.

2. Existing Generic Architecture of
HL7
1B

The object oriented class diagram of existing HL7 is
represented by the Figure 1. The following is a brief
description of the various classes in the diagram.
− ORUManager is responsible for processing the vitals
data provided by Vitals Manager. It receives a list of
messages from Vitals Manager and sends one vitals data
at a time to Message Manager.
− OrionMapper: OrionMapper is responsible for
formatting the HL7 message based on the HL7 version
passed to it.
− ADTManager: ADTManager is responsible for
processing the ADT events
− HL7MessageManager:
HL7MessageManager
is
responsible for creating a message by adding
EventHandlers and Segments associated with it.
− MSMQManager: MSMQManager is responsible for
managing (adding, retrieving and searching) the
messages in MSMQ.
− QRYManager: QRYManager receives HIS request
through TCPManager. The received HIS message is
added to MessageQueue through MSMQManager.
− HL7TCPManager: HL7TCPManager is responsible for
communicating with the HIS system.
− IEventHandler: IEventHandler provides methods to be
used by the event handlers.
− HL7MessageParser: MessageParser is responsible for
parsing the Query request sent by HIS and determines
the query filters.
− ISegment: This interface provides the behaviour to be
implemented by the Segments.
− HL7EventHandlerManager: HL7EventHandlerManager
is responsible for identifying the specific event and
generating the data associated with it.
− OnDemandDataSource: OnDemandDataSource provides
functionality to access the data source.

618

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Figure 1. Description of major classes in HL7 Interface

Figurer 2. Extended Secure Architecture of HL7
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In the existing architecture the patients interact with the HIS
to get their related health information. This information is
provided by OnDemandDataSource to the patient but that
information doesn’t incorporate the sufficient security
measures. The insecurity makes a vulnerability to the
existing architecture of the HL7. To cope of it the extended
architecture of the HL7 is being provided in the next section
of the paper.

3. Extended
Secure
Generic
Architecture (ESGA) of HL7
2B

A patient can change his/her data without any
knowledge of the doctor or nurse or physician in the already
existing HL7 architecture. A doctor can even manipulate
patient data in ignorance of patient or nurse or physician.
These same possibilities could happen even to nurse or
physician or biomedical engineer. Hence, the clinical history
data related to patient in HIS should undergo any kind of
encryption or encoding or digital signature to fulfill the
security aspect. This can be achieved by using XML
document security measures [8-10]. To implement the
security measures the clinical data must be converted by
XML formatted string objects and it is achieved by
SettingsManager class (a newly inserted class in the existing
HL7 Architecture). Further, the security measures are
implemented
by
another
newly
inserted
class
DataAccessSettingsManager. ESA of HL7 is shown by the
Figure 2. The description of both the newly introduced
classes is as follows:
− SettingsManager: SettingsManager class is responsible
to generate the XML formatted string objects.
− DataAccessSettingsManager:
DataAccessSettingsManager is responsible to provide
the rules for security which are used for XML document
such as encryption, encoding or digital signature.

4. XML Security Templates of ESGA of
HL7
3B

The XML Security standards [11, 12] include XML
Digital Signature for integrity and signing solutions, XML
Encryption for confidentiality, XML Key Management
(XKMS) for public key registration, location and validation,
Security Assertion Markup Language (SAML) for conveying
authentication, authorization and attribute assertions. XML
Security reuses the concepts, algorithms and core
technologies of legacy security systems while introducing
changes necessary to support extensible integration with
XML. This allows interoperability with a wide range of
existing infrastructures and across deployments. This is
followed by an overview of the following core XML
Security standards:
− Integrity and signatures - XML Digital Signature
− Confidentiality - XML Encryption
− Key Management - XML Key Management
Specification (XKMS)
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− Authentication and Authorization Assertions
− Security Assertion Markup Language (SAML)
XML may be processed by common XML tools and may
also explicitly define the structure of the documents they
have defined, by creating an XML Schema or Document
Type Definition (DTD). This allows documents to be
validated. Example 1 shows a language for managing office
medical records, including XML elements like
<PatientRecord>, <Name> and <Diagnosis>. It also shows
the use of an XML Namespace associated with a lab, to
allow a <lab:Diagnosis> element that does not conflict with
the medical <Diagnosis> element.

Security is vital to Hospital Management Information
System. These requirements include Authentication,
Authorization, Integrity, Signature, Confidentiality &
Privacy and Digital Rights Management [13-15]. The core
XML Security standards are:
1. XML Digital Signature for integrity and signatures
2. XML Encryption for confidentiality
3. XML Key Management (XKMS) for key management
4. Security Assertion Markup Language (SAML) for
making authentication and authorization assertions, and
XML Digital Signature (XML DigSig)
Digital signatures are useful for two purposes:
1. To provide persistent content integrity, and
2. To create and verify portable electronic signatures
A digital signature associates a digest of the content with the
signer of the content using a cryptographic technique. A
digest is a digital "fingerprint", a short fixed-length value
that is unique to the content and impractical to determine
without the content. Using a cryptographic technique with
the digest makes it hard for anyone other than the original
signer to change the content without detection. An XML
<Signature> element may be handled in different ways,
based on the desired application. It may be placed in a
document apart from what is signed. This is known as a
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"detached" signature, and is used when signing non-XML
content. When XML content is signed, the <Signature>
element may be added to the XML. This is convenient, since
signatures may then be bundled within the content and
remains embedded with it, making it easy to keep track of
them. When placed in an XML document, the <Signature>
element may be added to the document being signed under
the document element (an "enveloped" signature). In some
cases, it is useful to place the content being signed within the
<Signature> element, an example being a signature property
(an "enveloping" signature). If a signature is added to the
<PatientRecord> as an enveloped signature, for example, the
<Signature> element would be a child of the
<PatientRecord> as shown in example 2. When a signature is
added to a document as part of the document, it changes the
document. To verify the signature, it is necessary to compare
the original document without the signature. The XML
Digital Signature recommendation defines a mechanism for
removing the <Signature> as part of the verification process.

Another possibility is to create a new XML document with a
<Signature> document element and to place the signed
element as a child of the <Signature> element. This is
usually reserved for information associated with a signature,
such as the purpose of the signature, as in example 3.

An XML Digital Signature may be stored separately from
the signed content (a detached signature) or embedded within
the XML content that was signed (enveloped signature). To
continue with the earlier PatientRecord example, suppose
that the entire PatientRecord is to be signed by the Doctors
chamber, and the signature is to be maintained as part of the
PatientRecord. This would produce the following example 4,
showing the layout of an XML Signature.
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XML Security is the interaction of XML Digital Signatures
and XML Encryption. Suppose you receive a document with
an XML Signature and an <EncryptedData> element as in
the following example 5 and example 6.

XML Key Management Specification (XKMS) [16] defines
three specifications:
1. XML Key Registration Service Specification (XKRSS)
2. ML Key Information Service Specification (XKISS)
3. Protocol Bindings
A client might generate a key pair and wish to register it with
a trust server, as in the example 7. (Complete examples are
provided with the XKMS specification).
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The server responds with the information requested with
<RespondWith> as in example 8.

A client could request an identity validation (example 9).
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qtpaintgui() – An integration of Command Line and
Graphical User Interface
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Abstract:
R has gained presence in the field of data analysis due not only to its accessibility and extensibility, but also the
ability to manipulate large datasets with ease. However, visualization of large datasets can consume large amounts
of computing time and static images provide researchers with insights into data structures only. Approaches to both
of these problems are presented in this paper. qtpaint is a package that renders graphics at speeds that far exceed
traditional R graphics, particularly for large data sets, but depends on low-level elements that require significant
programming to implement. We present a new interface, qtpaintgui() which provides access to a library of
interactive graphic techniques with options of both fully programmable command-line and GUI point-and-click
accessibility. We demonstrate how these interactive elements aid in semi-automated processing of metabolite
identification, helping researchers gain a better understanding of and more control over the analytic process
involved.

Keywords:
R, data visualization, graphics, GUI, CLI, self-directed learning
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1. Motivation
The goal of “digital fluency” is to equip technology users
with skills to both grasp ideas presented and also to
implement existing technology to create and share novel
concepts - specifically, programming as a means to
communication [1]. In data analysis, a technology that has
demonstrated tremendous popularity and breadth of
application is the programming language R, valued for its
accessibility (open-source), extensibility (over 2000 add-on
“packages” in 2009) and reasonable learning curve for skill
acquisition. As researchers continually develop more
sophisticated packages and an even greater number of
complex applications of these tools, we revisit digital
fluency from a perspective of how best to rapidly acquire
additional programming syntax, which may be perceived as
a tremendous obstacle for novice programmers [2].
In R, default interaction is by command line interface (CLI).
Mastery of package functions by this interaction generally
results in a deeper understanding of methods, arguments and
their relationships during application than the alternative of
graphical user interfaces (GUIs). However, GUIs offer
benefits as well: an opportunity to explore a wide range of
package features immediately before skill acquisition, tools
that aid access to complex applications, access to
information originating from other software (eg Excel or
ChemStation), consistency in programming implementation
and may aid more advanced users in creating an overall
design strategy [2].
One drawback to using R for large datasets is an inability to
rapidly generate graphics, or include interaction tools (zoom,
pan, brushing) that aid in elucidating underlying data
structures. Such visualization tools support exploratory data
analysis, allowing researchers to effectively convey
information regarding validity of a hypothesis and
robustness of underlying assumptions in experiment design
to an audience [10]. While the package qtpaint [9]
addresses issues of rendering speed and interactivity, it does
so via low-level graphical elements such as points, lines and
mouse events – dramatically increasing investment of
programming required to capitalize on developments. We
developed qtpaintgui() as a tool to allow users both GUI
and CLI access to a library of visualization and interaction
options. The layout of qtpaintgui() addresses needs of both
novice users by allowing immediate access to higher-level
functions and more advanced programmers by
demonstrating concise coding structures applying users’ own
datasets.
As an example of application we look to the field of
metabolomics, in which raw data is subject to multiple
processing steps prior to generating results. Recommended
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visualizations to validate efficacy of each step [3] are
computationally intensive by either base graphics (rendering
time) or using qtpaint (programming from low-level
elements).

2. Background
2.1 Learning programming
Basic programming skills can be divided into two major
areas: syntax and structure. A major hurdle to expertise is
the transition from knowledge of syntax to comprehension
of programming structures associated with the language.
Students cite independent practice on problems of increasing
complexity as the most valuable learning experience [2].

2.2 Programming Environment
Because R originated as an implementation of the
programming language S with structural influences from
Lisp, even an advanced programmer may experience a
learning curve – it is not enough to simply apply existing
expertise with other object-oriented languages to create
efficient and effective code. R uses S3 and S4 classes, which
allows for generics and avoids nested if ()…else ()
constructs [6]. Default interaction with R is by CLI, which
requires substantial pre- knowledge of the method being
called – not only the possible arguments, but also how each
argument affects the method output. Additionally,
researchers may choose to perform multistep processing;
supporting consistent code implementation allows for
greater opportunities for sharing and collaboration due to
greater accessibility.
GUIs offer the opportunity for individuals unfamiliar with
scripting languages or CLI to still benefit from the use of
analysis methods. What a GUI can offer that the CLI may
not is an explicit isomorphism – that is, mapping the
structure of information with the phenomenon and thus
providing a cognitive connection [5]. In this case, we aspire
to map the phenomenon of underlying programming
structures.

2.4 Data visualization & interactivity
Interactivity in visualization aids in enhancing user cognition
of the subject presented and can actually be viewed as a
means of communication [7] between user and system. A
successful GUI offers the ability to capture feedback from
the user to modify its output. Simple interactions such as
rotation, zooming, panning and marking reflects interactions
that can be applied to static images – for example someone
reading this article may move closer to the page or highlight
items of interest. More complex interaction may involve

626

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Fig 1. qtpaintgui() interface.(a) Scatterplots tab allows user to select arguments and display
graphics using point-and-click interaction. (b) Code tab which provides code for export (top pane)
and the method detain (bottom pane)
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linking and searching for selected data points. Even the
choice of plot arrangement may encode information [8].

2.5 Metabolomics
Metabolomics is the study of identifying chemical elements
(metabolites) present as products or intermediates of
metabolism. It presents researchers with a challenge of
examining three-dimensional data (time, mz, intensity) to
find chemical ``fingerprints” that change with time. Each
chemical fingerprint is a ratio of intensity peaks that acts as a
unique identifier, and allows calculation of abundance.
Research goals involve mapping changes in phenotype or
genotype to differences in metabolite abundance over time.
Raw data from metabolomics are on the order of 100,000
data points for each sampling.
Additional challenges to metabolite analysis include an
extensive processing pipeline. Metabolite peaks may exhibit
poor temporal or spatial separation, leading to a need for deconvolution. Background noise is unique to each instrument,
and exhibits changes in variability over time. Time to
detection is longer for metabolites of high mass value, with
detection of smaller fragments within a single fingerprint
earlier than that of larger fragments. When comparing values
obtained a different times and across instruments, a
nonlinear relationship exists for time values.

3.

Application

To highlight application of qtpaintgui() we examine a
metabolomics standards set of spectra consisting of nine
samples from three mixtures: a control group, metabolite
mix 1 (m1) and metabolite mix 2 (m2). Each metabolite
mixture contains 17 known metabolites, nine of which are
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consistent across both mixtures and eight which are unique.
Processing involves: baseline subtraction, peak detection,
component detection, component grouping, retention time
correction, summarization and normalization. Each stage
offers opportunities for both summary and diagnostic
graphics.

3.1 Plotting
Raw data plots using package ggplot2 rely on graphics
generated within R. In turn the entire R environment is
limited to the RAM memory space (Windows: 2 GB, Linux:
unlimited). For extremely large datasets, this may prevent
the plotting of raw data. It was observed that raw data for the
calibration set required 15-30 minutes to render each
spectrum. Each plot is static, requiring redrawing to change
limits (eg zoom or pan).
Using a new package qtpaint, which binds Qt Libraries (and
thus OpenGL) to the R environment, rendering speed were
<1 sec each. Additionally, the canvas is able to capture
mouse and key events, creating opportunities to update the
display based on user input. However, graphics are only
available as low level elements (points and lines), which
demands that the user make a significant programming
investment in order to generate formatted plots and handle
interaction.
qtpaintgui () offers a library of plots and interactions. Not
only are users able to capitalize on wrapper functions for
standard plotting and interaction features (e.g. scatterplots,
parallel coordinate plots, brushing), the GUI platform clearly
shows user their options for various arguments, eliminating
the need for pre-knowledge of underlying methods (Fig 1a).

Fig 2. Zooming interaction allows users to see data both at (a) global and (b) discrete levels. A labeling feature provides
information regard specific points (on mouseover). X-axis is retention time, Y-axis is m/z, and color is intensity
(darker=greater intensity)
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To generate the images in Fig 2, a user selects interaction for
the plot then adds layers of data. Each layer can have a
unique combination of x and y values, as well as various
formatting options (color, shape, shape size). An additional
tab provides code that can be saved for future reuse and
method details (Fig 1b). While the user can simply depend
on the GUI to generate code and graphics, greater skill
acquisition can be achieved by examining the code
necessary to generate their desired combination of plot and
interaction.
Applying code generated using qtpaintgui() to
metabolomics data processing allows for interactive
generation of interactive diagnostic graphics. After baseline
correction, selecting a point on the global view allows
researchers to view an interactive diagnostic plot that shows
the corrected intensity values (Fig 3a, bottom) and correction
factor (Fig 3a, top) that allows for panning and zooming.
Researchers can use this diagnostic to validate correction
factors and integrity of data while identifying areas of high
interest. After peak detection selection of a point in the
global view enables researchers to view a diagnostic that
designates peaks on the chromatogram (Fig3b, bottom), with
selection of peaks on the chromatogram showing the curve
fit to data (Fig 3b, top) and residuals (Fig 3b, middle)

interactive graphics to communicate with others by sharing
the code instead of large image files and encourages
collaboration through shared exploration of underlying data
structures. OpenGL libraries ensure that interfaces are
consistent with all user platforms, with a native appearance.
qtpaintgui() fulfills several roles that enhance the appeal of
R package qtpaint. First is reducing the need for researchers
to code routine plots and interaction from low-level
elements. Creating plots from elements in qtpaint not only
requires multiple lines of code for each element (points, xaxis, y-axis, labels, etc) but also demands that programmers
account for conversion between data coordinates and screen
coordinates. Additionally, interaction entails development of
functions that initiate the redrawing of images from inputs of
mouse-click coordinates and key presses. qtpaintgui()
provides access to a library of wrapper functions, allowing
users to control appearances of commonly used plot and
interaction types via a single command and detailed
argument options, reducing the volume of coding (S1), from
over 100 lines of code.
Second is that qtpaintgui() provides immediate opportunity
for researchers to generate reproducible code for
visualization of their own data, using information-rich

Fig 3. Diagnostic plots of: (a) Baseline correction. Top panel shows raw data with line representing correction factor. Bottom
panel shows intensity values after correction. (b)Peak detection. Bottom panel shows chromatogram, with red dots
representing peaks; selecting a peak shows curve fitting and residuals for the peak. These plots are accessed by clicking on
points in Fig 2.

4. Analysis
By using native devices for processing graphics, we
significantly reduce the time needed to render images.
Adding interactions of panning and zooming allows rapid
modification of viewed image in response to user controls.
More complex interaction can be obtained by linking
multiple interactive graphics. Researchers can use these

graphics. The “code” tab (Fig 1b) displays the wrapper
functions, complete with arguments that the user has
selected for via the “scatterplots” tab (Fig 1a). There is the
option to save this code as a .R file, which can be shared
with other researchers, along with the dataset, for others to
have access to the same interaction and/or visualization.
Although expert users may prefer using the wrapper
functions directly, it is possible to produce complex code
while still in the process of exploring the methods and their
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syntax. This ability enables researchers to benefit from
rapid, interactive graphics regardless of current syntax and
structural programming knowledge.
Finally, qtpaintgui() reduces the learning curve associated
with acquiring both syntax and structural programming
knowledge by creating opportunities for self-directed
learning. Instead of learning by simply by reading
documentation and extrapolating applications, researchers
are exposed to structurally consistent code that supports their
preferred visualizations and interaction. The “code” tab not
only presents wrapper functions with correct arguments, it
also uses a second window, methods (Fig 1b, bottom), to
show the underlying commands of a particular method.
Researchers can use these examples to learn the
programming structure and syntax of qtpaint. Since the R
programming environment, with S3 and S4 classes is
distinctly unique, even researchers with significant
experience in other languages benefit from the opportunity
to explore underlying code.

5. Future work
Additional application involves extending the library of plots
and interaction options available to users. Specifically,
parallel coordinate plots, bar charts and systems biology
modeling. Usability studies are needed to validate
effectiveness of point-and-click interface. Long-term, it is
the goal of authors to develop qtpaintgu() into a robust tool
that researchers can use to create their own interactive and/or
animated graphics from within R.
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1. Abstract
1.1 Background: This paper describes a statistics-based
method for quickly determining if any apparent abnormality
in an analog tracing is genuine, rather than merely a variant
of normal.
1.2 Methods: Relevant parts of an individual’s analog
tracing are color-coded based on their Z scores to designate
the directions and statistical significance of any difference
from a corresponding normal standard. The method was
tested using the electrocardiogram (ECG) by comparing its
ability to diagnose healed inferior and anterior myocardial
infarction (MI) vs. the respective abilities of two widely
available commercial ECG diagnostic algorithms.
1.3 Results: For both inferior and anterior MI, the diagnostic performances of the Z score method were highly significantly superior to those of each of the commercial diagnostic algorithms.
1.4 Conclusions: Color-coding based on Z scores to
designate differences from normal reference data is an objective and accurate method for detecting abnormalities in
analog recordings.
Keywords: analog, display, data, interpretation, statistics

2. Introduction
It is often necessary to interpret analog displays of data.
Such displays are common in many disciplines, including
medicine, biology, engineering, behavioral science, economics and the supervision and control of industrial processes. In
interpreting graphical displays of data, the fundamental task is
to judge whether the display under review differs in one or
more ways from a normal standard. These judgments are
often highly subjective and their reliability varies with the
background, skill and experience of the interpreter. The
present paper describes a method for improving the interpretation of analog displays of data by producing a statistics-based
analysis of the display.
In this paper, the electrocardiogram (ECG) is used to illustrate the application of the proposed technique. The ECG is
a complex linear display of the temporal changes in cardiac
electrical potential. A typical ECG consists of 12 different
line graphs, each representing a recording of these changes as
recorded from a different location (“lead”) on the body.
Previous research has shown that quantitative abnormalities of
the durations and/or amplitudes of specific portions of various

combinations of the 12 ECG leads can be associated with
important cardiac diseases. For example, Q waves are initial
downward deflections of the QRS complex – the part of the
ECG signal that reflects ventricular depolarization. Abnormally wide or deep Q waves in specific combinations of ECG
leads indicate that a myocardial infarction (MI) has damaged
one or more portions of the left ventricle. In this context, the
task of the interpreter of the ECG is to determine whether Q
waves in a particular group of leads are deep or wide enough
to be considered pathological, rather than merely representing
a variant of normal.
Presumably, with increasing experience, an electrocardiographer’s judgment regarding such questions becomes
more reliable. However, even the most expert electrocardiographers are fallible. Also, in many clinical situations, a
highly skilled electrocardiographer isn’t available, so the task
of interpreting the ECG is left to someone with suboptimal
experience and skill. Further complicating the task of ECG
interpretation is the fact that the quantitative criteria for
various important diagnoses vary depending on the age, sex
and race of the patient. Therefore, if most of an electrocardiographer’s experience has largely involved reading ECGs
obtained from a particular demographic group, he may inappropriately extrapolate this experience to a patient of a different age, sex or race.
The proposed technique addresses these issues by determining which, if any, portions of an analog recording differ
significantly from an appropriate, empirically established
normal standard.

3. Methods
3.1 Description of the proposed method
A modern ECG machine typically records and stores the
sequential changes in the heart’s electrical potential at a
sampling rate of at least 250 Hz. The machine then uses the
data recorded by each of the 12 ECG leads to generate and
print the ECG waveform. At each interval of sampling, one
can express the difference between an individual patient’s
recorded voltage and the mean voltage of a normal reference
population not just in volts, but also as a standard score (Z
score). The Z score expresses such a difference in units of the
standard deviation of the population to which the individual is
being compared and is given by the following formula:
Z Score = (Patient’s Value – Mean of the Population)/Standard Deviation of the Population
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For example, if the mean and standard deviation at a
given interval of sampling are 100 and 50 microvolts respectively, an individual who has 200 microvolts at that interval of
sampling would have a Z score of 2.0. A different individual
who had 25 microvolts at that interval of sampling would have
a Z score of –1.5. Thus, whether a given Z score has a
positive or negative value indicates whether the individual’s
value is greater or less than the mean of the population to
which the individual is being compared. Expressing these
differences as Z scores has several advantages. An especially
important advantage is that one can use widely available
statistical tables to translate a given Z score directly into the
probability that the patient’s value is statistically significantly
above or below the mean value of that parameter in the normal reference population.
The relationship between a given Z score and a P value is
most reliable if the data being analyzed are normally distributed. Previous studies using several different databases have
shown that values of the voltages recorded by ECG machines
have gaussian distributions.[1-2] In other applications, if the
distribution of the data is not gaussian, the data can be logarithmically transformed to make them normally distributed.

3.2 Color-coding of the display
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these six colors on a portion of an analog display would
indicate:
 whether the individual’s value was greater or less than that
of the mean of the reference population and
 the statistical significance of that difference
Conversely, portions of the analog display that are black
represent values that do not differ significantly from the mean
of the reference population.
Table 1
Relationships Among Z Scores, P Values and Colors
Z Score
P Value
>3.08
.001
>2.33
.01
>1.65
.05
-1.64 to 1.64
NS
<-1.65
.05
<-2.33
.01
<-3.08
.001

Color
Red
Orange
Yellow
Black
Light Blue
Dark Blue
Violet

Figure 1 shows an example of a color-coded ECG tracing.
The colors on the tracing show which portions of the tracing
have voltage amplitudes that are significantly lower and which
are significantly higher than the corresponding means of a
normal reference population. The horizontal colored bars
above the tracing show which segments of the ECG have
significantly abnormal durations compared to the corresponding means of the same reference population.

Table 1 shows that absolute values of the Z scores >1.65,
>2.33 and >3.08 are associated with P values of 0.05, 0.01
and 0.001, respectively. Table 1 also shows that if the Z
scores are positive, the above values are colored yellow,
orange and red. If the Z scores are negative, the above values
are colored light blue, dark blue and violet. Thus, any of
Figure 1
ECG Tracing
Colors On the Tracing Refer To Amplitudes
Colors Above the Tracing Refer to Durations

Yellow

Yellow

Orange

Light Blue

Dark Blue
Violet
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3.3 Empirical evaluation of the method
The subjects studied were 1138 adults (712 males and
426 females, mean age 53, range 18 to 82 years) who had
undergone cardiac catheterization with coronary angiography
for the evaluation of known or suspected heart disease.
Based on the findings obtained at catheterization, 497 were
normal (Group1), 366 had prior inferior MI (Group 2) and
275 had prior anterior MI (Group 3). To diagnose prior
inferior MI, the color-coded Z scores were used to analyze
the durations of the Q waves in standard ECG lead aVF. To
diagnose prior anterior MI, the color-coded Z scores were
used to analyze the durations of the initial R waves (upward
deflections of the QRS complex) in standard ECG lead V2.
Previous studies have shown that abnormally large Q waves
in Lead aVF are associated with prior inferior MI and abnormally small R waves in Lead V2 are associated with prior
anterior MI.[3-5]
The data in Group 1 were used to calculate the diagnostic specificities for both inferior and anterior MI. The data in
Groups 2 and 3 were used to calculate the diagnostic sensitivities for prior inferior and anterior MI, respectively. To
calculate the Z scores for Groups 1, 2 and 3, the means and
standard deviations of the corresponding data in Group 1
were used. An ECG was considered positive for prior
inferior MI if the Z score of the Q wave duration in Lead
aVF was >1.65 (P<0.05). An ECG was considered positive
for prior anterior MI if the Z score of the R wave duration in
Lead V2 was <-1.65 (P<0.05).
To evaluate the results obtained by the Z score method,
they were compared to the diagnoses made by each of two
widely used ECG interpretative algorithms (Philips Healthcare, Andover MA, USA and GE Healthcare, Waukesha WI,
USA). These and other commercial ECG interpretative
algorithms do not use Z scores, but instead generate their
diagnostic statements using the actual voltages that the ECG
machines record at each interval of sampling. The possible
statistical significance of any difference in the diagnostic
performance of the Z score method vs. Commercial Algorithm #1 and of the Z score method vs. Commercial Algorithm #2 was tested using chi square analysis. To avoid a
Type 1 error associated with multiple comparisons, an a
priori P value <0.01 was selected to indicate the statistical
significance of any difference in diagnostic performance.
In interpreting the color-coded tracings, the reviewer of
the ECGs was blinded to the cardiac catheterization diagnosis of each patient.

4. Results
Table 2 compares the diagnostic sensitivities at 95%
specificity for prior inferior and anterior MI obtained by the
Z score method vs. each of the commercial algorithms.
These data show that in the 366 patients with inferior MI
proven at cardiac catheterization, the Z score method correctly diagnosed 84 more patients than Commercial Algorithm #1 and 55 more patients than Commercial Algorithm

#2. In each case, the superiority of the Z score method’s
diagnostic performance was highly statistically significant
(chi square = 43.9, P<0.0000001 and chi square = 20.3,
P<0.000001, respectively).
The data also show that in the 275 patients with anterior
MI proven at cardiac catheterization, the Z score method
correctly diagnosed 55 more patients than Commercial
Algorithm #1 and 33 more patients than Commercial Algorithm #2. In each case, the superiority of the Z score
method’s diagnostic performance was also highly statistically
significant (chi square = 24.1, P <0.000001 and chi square =
9.24, P <0.002, respectively.
Table 2
Diagnostic Performances for Prior MI
Sensitivities at 95% Specificity
Method
Z Score
Method
Commercial
Algorithm #1
Commercial
Algorithm #2

Inferior MI Anterior MI
79%

75%

56%

55%

64%

63%

5. Discussion
The empirical evaluation of the Z score method shows
that it yielded diagnostic performances that are significantly
superior to those of two widely used commercial ECG
diagnostic algorithms upon which many physicians and their
patients depend. Since cardiac disease is both common and
often lethal, such differences in diagnostic accuracy are
important. This is especially so because effective therapy is
available to most patients whose heart disease is correctly
identified.
By emphasizing the statistical significance of any apparent deviations from the baseline record, the technique permits the interpreter of the signal to detect those changes that
are most likely to be important and less likely to be merely a
variant of normal. The Z score method replaces much of the
subjectivity that often influences the interpretation of analog
signals with a valid statistical basis of interpretation. As is
the case with the interpretation of all diagnostic tests, conclusions regarding the test’s result should consider the prior
probability of the relevant abnormality in the population
being tested. In this regard, the Z score method also provides an advantage by quantifying the probability of a given
difference between an individual’s value and the relevant
mean of a reference population. For example, in a case in
which an abnormal result is relatively unexpected, the interpreter could require a higher Z score than in a case in which
the prior probability of disease is greater.
Another way to increase the usefulness and accuracy of
the results obtained with the Z score method is to select
normal reference data that are appropriately specific. For
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example, it would be unreliable to use the means and standard deviations of data recorded from adults for the interpretation of pediatric ECGs. Even for an adult patient, the
normal reference population could consist of data obtained
from subjects who have the same sex and a similar age. A
modern ECG machine can easily accomplish this because the
patient’s demographic data are entered at the time that the
ECG is recorded. For the calculation of the patient’s Z
scores, this entered information would then trigger the
selection of the demographically appropriate mean and
standard deviation that have been stored in the ECG machine’s computer memory.
The present paper uses a single ECG to illustrate the Z
score method for interpreting analog tracings. However, to
detect temporal changes in data, it is often necessary to
examine analog records that have been recorded for prolonged periods. In this circumstance, separate sets of Z
scores could be calculated using the means and standard
deviations of data from a normal reference population
and also of data recorded from the same individual during a
baseline period of the recording. The resulting sets of Z
scores would show if there were portions of the recording
that deviated from normal and/or from the individual’s own
baseline condition. The resulting color-coded displays
would then reveal the direction, magnitude and duration of
each of these types of changes.
For monitoring individuals for prolonged periods, the Z
score method has additional advantages. First, in medical
and other settings, it is often desirable to determine if there
are changes in multiple parameters over time. Since different parameters are commonly expressed in different units
with widely different ranges of values, it is often difficult to
meaningfully show multiple parameters in the same display.
However, by representing all the parameters using their
respective Z scores, all the parameters would have the same
unit – the standard deviation. Second, reviews of large
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amounts of analog data are often very time-consuming. The
color-coding of the data using the proposed method can
increase the cost-effectiveness of these reviews by enabling
the reviewer to detect quickly whether any portions of the
recording have become abnormal.
Although the accurate interpretation of ECGs is very
important, the proposed method has applications for many
other types of data. Fields in which the method can be used
include engineering, biological and physical science, economics and quality control. Whether the proposed method is
utilized for research or for other purposes, it provides a
useful way to increase the objectivity, ease and accuracy of
the interpretation of analog recordings.
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Abstract
Juvenile Hormone is a sesquiterpenoids
molecule which controls the metamorphosis and
preserves the larval stage in insects and controls
their post embryonic developments. Because of
the biochemical process they are referred as
potential Insecticides or Third generation
Pesticides. It shows its mode of action either by
acting as membrane receptor or as a nuclear
receptor. Upon release from corpora allata it
binds with the specific proteins present in the
hemolymph. These binding proteins exert a
profound effect on insect development as they
are target specific. By studying the active site of
the receptor binding protein and a database of
ligand, we can understand the receptor-ligand
interaction by calculating the binding free
energies in terms of docking study. With the help
of automated docking procedures one can easily
predict the “best” protein-ligand complex and
also the affinity/orientation for a group of
ligands to the binding proteins. In this paper, we
have syudied the protein-ligand interactions
using a standard protocol of docking. We have
carried out the docking study of Juvenile
Hormone Analogues with receptor binding
proteins in order to understand their interaction
behaviour. Identification of the best solution is
done using a scoring function by spotting the
correct binding poses having lowest binding
energy. We have compared our docking results
of Juvenile Hormone Analogues with the natural
occurring juvenoids which implies that the
analogues having oxa features found to be more
active.
Key words: Docking, AutoDock proteinligand interaction, Juvenile Hormone Analogues
(JHA), Juvenilen Hormone binding proteins
(JHBP

Introduction
The study of insect hormones has assumed great
importance because of the possibility of their use

as Pesticides and Insecticides. Insect juvenile
hormones are a class of organic compounds
which control the post-embryonic development
of insects. All compounds , weather naturally
occurring or synthetic, which can affect or
control the growth and development processes in
insects may be termed as Juvenile Hormone
Analogues or JH mimic or juvenoids[1-4] .
Juvenile Hormone is released from the gland
called corpora allata, upon release from brain,
Juvenile Hormone binds to a specific protein in
the hemolymph called Juvenile Hormone
binding protein [5-7]. The major functions of
JHBP that have been hypothesized are to
transport Juvenile Hormone in the hemolymph,
to protect Juvenile Hormone from degradation
by hemolymph enzymes, and to facilitate
Juvenile Hormone recognition and uptake by
targets cells. Different types of Juvenile
Hormone binding protein (JHBP) exist according
to their localization. Juvenile Hormone Binding
Protein can be hemolymphatic, its localization
makes this protein easier to detect on
biochemistry level. JHBPs play a role in
transporting juvenile hormone to intracellular
compartment, and also on interaction with
nucleus or secondary protein complex. Three
classes of hemolymph JHBP- (1) low molecular
weight JHBP (2) high molecular –weight JHBP
(lipophorins) and (3) high molecular – weight
hexameric JHBP, have been characterized in
different insect groups [8-10]. The JH- binding
site in the low molecular – weight JHBP was
mapped using photo affinity analogue of JH II
[10-12].
We studied the binding interactions of the JHAs
with the receptor proteins. For this we have
choosen the insect commonly known as greater
wax moth, which is perceived as the worst
beehive pest in the world. It is found in most of
the world including Europe and Asian countries
including India, North America and Australia.
The larvae of moth feed on the honeycomb
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inside bee nests and may become pests. More
often they are found in bumblebees and wasp
nests or feed on dried fruits. Devastation of
honeycombs results from the nutritional habits of
the larvae which ingest pollen, honey and wax.
Immature G. mellonella JHBP is composed of
245 amino acid residues. It has been observed
experimentally that G. mellonella JHBP
undergoes profound conformational changes
upon JH binding and it has been suggested that
such a structural change might have a
physiological significance at target cell
membrane for hormone signal transmission. It
has been reported in the literature that it is not
possible to prepare single crystals of a JHBP- JH
complex, the rapid disintegration of the JHBP
crystals on contact with JH is consistent with a
drastic conformational change upon hormone –
complex formation[13]. These results provide
the foundation for JH docking into JHBP and for
a rational approach to designing small molecules
that might be used to control insect population
by impairing their development. We have studied
the binding interaction of insect Galleria
mellonella with various juvenile hormone
analogues synthesized by Awasthi et al group.
Nowadays, Computational method like docking
comes up as a powerful tool to study the proteinligand interactions. In this paper, we are
reporting the docking study of synthesized
Juvenile Hormone Analogues in order study their
interactions with the receptor site [14-20]. JH
binding proteins with a known active site and a
database of ligands are helpful to calculate
binding free energies. The efficiency of a ligand
is measured by its ability to find a specific
position and orientation inside a receptor binding
protein. The docking process makes ligands to fit
into the binding site of the receptor proteins. We
have carried out extensive comparative docking
analysis in terms of binding free energy of all the
synthesized compounds with the natural
occurring juvenoids.

flexibility in the ligand. The programme searches
for the best conformation and for the best place
of binding of the ligand within the receptor
structure. Several runs of space search were
carried out to find the best ligand – receptor
binding arrangement. Docking to Protein was
performed using the simulated anneling (SA) and
an empirical binding free energy function.
Docking process was carried out with
synthesized Juvenile Hormone Analogues and
binding proteins to study the ligand-receptor
interactions. The docking algorithm exhaustively
searches the entire rotational and translational
space of the ligand with respect to the receptor.
The flexibility of the ligand is provided by the
dihedral angle variation. The various solutions
are evaluated by a score, which is equivalent to
the absolute free binding energy value
(Kcal/mol) of the ligand in the protein
environment.
Complete
receptor
-ligand
interactions has been studied at atomic level by
the docking study.

3. Results and Discussion:
3.1 Structures of Synthesized Juvenile
Hormone Analogues:
N-(2-oxo-3-oxa-4-methyl-4-(p-chlorophenyl)butanyl) benzene sulphonamides and relater
compounds are synthesized by Awasthi et al.
(fig1.)
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2. Methodology
Docking study is carried out with synthesized
Juvenile Hormone Analogues and receptor
binding sites by using AUTODOCK 4.2
Software, well known and widely used software
of Scripps group, California, U.S.A [21] It
combines a rapid energy evaluation through precalculated grids of affinity potentials with a
variety of search algorithms to find suitable
binding positions for a ligand on a given
receptor. While the macromolecule is required to
be rigid, the software allows the torsional
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Fig1. structures of synthesized JHAs.

3.2 Docking of synthesized JHAS:
These docking experiments allowed to estimate
the interaction energies between binding protein
and
the
different
ligands(fig2).
Fig: 3 Autogrid map of protein-ligand complex.

Fig:2 Structure of the binding protein (PDB
2RCK)
The energies used and reported by AutoDock can
be distinguished in terms of docked energies
which include the intermolecular and internal
interaction energies and predicted binding free
energies include the intermolecular energy and
the torsional free energy and are reported at the
table 1. Juvenile hormone analogues act as either
by membrane or by nuclear receptor in vivo.
Juvenile Hormone is structurally similar to all
trans Retinoic Acids molecule. These trans
Retinoid Acids molecules are the ligand for the
retinoic acid nuclear receptor (RAR) [17].
Therefore, Juvenile Hormone is also believed as
a ligand for the nuclear receptor. Docking
process was carried between synthesized.
Juvenile Hormone Analogues and binding
proteins of the Galleria mellonela (2RCK) to
study the ligand receptor interactions (fig3).

The binding of Juvenile Hormone Analogues
with the receptor protein molecule is analyzed to
find the correct conformation and configuration
of the Juvenile Hormone Analogues. Same
procedure is performed separately for all
synthesized Juvenile Hormone Analogues. On
the basis of docked score a number of
configurations generated and scored to achieve
favorable binding modes of the ligands. In
totality 10 structures are saved in the database.
After construction of a docking box, the least
energy conformers of each of Juvenile Hormone
Analogues were docked in the active site.
Computationally, the docking of the Juvenile
Hormone Analogues in such a complex network
of interaction is a difficult task. It requires the
generation of a large number of configurations of
the residue of the receptor in the binding pocket,
each being used as an initial docking
configuration. Docking identified the correct
pose of the ligands in the binding pocket of the
receptor and also predicts the affinity between
the ligand and the receptor. These amino acid
residues mainly show the strong interactions
with the synthesized Juvenile Hormone
Analogues. The docking results are ranked by
the binding free energy estimation. Larger the
value better is the fit (Table-1).
Scores are directly propositional to the binding
affinity of the ligand for the receptor protein.
Scores have been evaluated for the synthesized
JHAs with respect to the natural occouring
juvenoids with their common receptor sites. In
AutoDock
package the binding energy is
calculated in terms of intermolecular energy and
torsional energy while docked energy is the sum
of intermolecular energy and internal energy.
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Table1. Results of the docking of various Juvenile Hormone Analogues along with juvabione in terms of
binding energy and docking energy (Kcal/mol) obtained by the AutoDock

S. No.

Ligand molecules

Occurrence

I.

Juvabione

II.

N-[2-oxo-3-oxa-4-methyl-4-(p-

Natural

Binding
Energy
0.56

Docked
energy
-2.33

Synthetic

-2.30

-3.04

Synthetic

1.17

-2.75

Synthetic

-0.76

-2.46

Synthetic

-1.77

-2.45

Synthetic

-2.25

-2.92

Synthetic

-0.75

-2.44

Synthetic

-1.64

-1.42

N-[2-oxo-3-aza-4-(phenyl)-butanyl] p- Synthetic

-2.03

-1.77

Synthetic

-1.71

-2.71

Synthetic

-1.46

-2.51

chlorophenyl)butanyl]
benzenesulphonamide
III.

N-[2-oxo-3-oxa-4-methyl-4-(pnitrophenyl)-butanyl]
benzenesulphonamide

IV.

N-[2-oxo-3-oxa-4-(p-chlorophenyl)butanyl]benzene sulphonamide )

V.

N-[2-oxo-3-oxa-4-(p-chlorophenyl)butanyl] p-toluene sulphonamide

VI.

N-[2-oxo-3-oxa-4-(p-nitrophenyl)butanyl] benzenesulphonamide

VII.

N-[2-oxo-3-oxa-4-(p-nitrophenyl)butanyl]p-toluene sulphonamide

VIII.

N-[2-oxo-3-aza-4-(phenyl)butanyl]benzene sulphonamide

IX

toluene sulphonamide
X.

N-[2-oxo-3-aza-5-(phenyl)pentanyl]benzene sulphonamide

XI.

N-[2-oxo-3-aza-5-(phenyl)-pentanyl]toluene-p- sulphonamide

4. Experimental Section
4.1 Ligand setup: The 3D structures of the
ligands were constructed using pymol software
tool. Ligand structures were then preoptimized
with AMBER force field in the AUTODOCK

4.2 . It also involves the Auto Tors component
which defines the flexibility of the bonds in the
ligands, affecting the degree of freedom (DOF)
of the ligand. Each rotatable torsional angle adds
an extra DOF, so large ligands with many
torsional angles quickly become too complex to
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compute. It is also used in calculating the
change in free energy caused by the loss of
torsional degree of freedom upon binding [21].

4.2 Binding Protein setup: The PDB file
of the selected structure of Galleria mellonella
binding proteins (2RCK) was downloaded from
the protein data bank. PDB files may have a
variety of problems that need to be corrected
before they can be used in AutoDock. These
potential problems include missing atoms, added
waters, more than one molecule, chain breaks,
alternate locations etc. Polar hydrogens were
added to the macromolecule (2RCK) using the
ADDSOL utility of AutoDock. The grid maps
representing the protein in the actual docking
process were calculated with the AutoGrid.
AutoGrid pre-calculates a three – dimensional
grid of interaction energies based on the
macromolecular target using the AMBER force
field. Since the structure of the protein is rigid
and known, interaction energies between the
probe and surrounding amino acids can be
calculated at each point in the grid and stored in
a table. Additional tables are made for each atom
type in the ligand, taking into account dispersion/
repulsion and hydrogen bonding energies. A
second grid is made to allow for electrostatic
effects, using a probe with a single positive
charge. The grids were choosen to be sufficiently
large to include not only the active site but also
significant portion of the surrounding surface.
The points of the grid were thus 60 x 60 x 60,
with a grid spacing of 0.375 A⁰. After the grid
has completed , AutoDock begin the simulation
program.
4.3 Docking: Docking of the ligands into
receptor was carried out using AutoDock
(version 4.2) set of programs. It was carried out
using the empirical free energy function and the
Simmulated Anneling (SA), a standered
protocol. It involves Monte Carlo simulated
annealing by using a linear temperature
reduction schedule. A geometric reduction
schedule is used according to annealing
temperature reduction factor. At the end of each
cycle the annealing temperature is multiplied by
this factor to give the next cycle. It must be
positive and less than one i.e. 0.95. Reduction
factor for translation, quaternion, and dihedrals
variations for the ligand molecule is one for each
cycle. The initial annealing temperature used in
SA is the absolute temperature which is
multiplied by the gas constant whose
approximate value is 500 cal/mol. In simulated

annealing the total number of temperature
reduction cycle is 50. There are 100 accepted and
rejected steps per cycle in the above said process.
Ten independent docking runs were carried out
for each ligand. At the end of each AutoDock
execution, in which more than one run was
performed, the programme gives the results in
terms of most favourable free energy of binding.

Conclusions
The most important interactions which involve
ligands and the receptor’s active site are
hydrogen bonding. These findings suggest that
new ligands should be designed in keeping a
view that it should be able to form stronger
hydrogen bonds with the amino acid moieties of
the binding site. The theoretical docking study
of juvenile hormones and their analogues with
the receptor sites in Galleria mellonella JHBP
gives results in terms of binding energy and
docked energy that suggest that juvenile
hormone analogues having minimum dock
energy will fit better inside the binding pocket of
the receptor proteins. These ligand molecules
having minimum dock energy will have stronger
interactions with the amino acid residues lining
the pocket region of the receptor protein. It is
quite helpful to understand the binding
interactions of the Juvenile Hormone Analogues
with their receptor site in order to understand
their mode of action. In our laboratory we have
synthesized Juvenile Hormone Analogues
containing sulphonamide features along with
side chain terminating into aromatic ring. We
have incorporated oxa and aza structural features
in order to enhance the structural activity of
these compounds.
The scores of all the
analogues were compared with juvabione. The
minimum dock energy have been evaluated for
the analogues containing oxa as compared to aza
features. Therefore, analogues containing oxa
features are found to be more active.

Acknowledgment
Facilities provided by computer centre NITHamirpur are highly acknowledged. Part of the
research work in this paper is supported by DSTSERC, Govt. of India for providing financial
assistance under research grant for Fast track
proposal for young scientist.

References
[1]. Altstein, M., Aharonson, N., & Menn, J. J.,
“New targets for insect management in crop

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

protection”. Arch. Insect Bioche, Physiology
1993,22, ,5.
[2]. Riddiford, L. M., and Truman, J. W.,
Biochemistry of Insects. 1978 ,Acad Press,New
york, Pp307.
[3]. Stall, G. B., Insect control with insect
growth regulators based on insect hormones, In:
Marini- bett’olo, G B [Ed] Natural Products and
the Protection of Plants, Pontific Academia
Scientiarum, roma, Italy, 1977,217, 253.
[4]. Riddiford L M, “Cellular and molecular
actions of juvenile hormone I”, Adv.Insect
Physiol, 1994, 24, 213-274.
[5]. Wisniewski, J.R., and Kochman, M.,
“Juvenile-hormone-binding protein from silk
gland of Galleria mellonella” Federation of
European Biochemical Societies. 1984, 171, 1.
[6]. Lerro, K.A., and Prestwich, G.D., “Binding
site mapping of a photoaffinity-labeled juvenile
hormone binding protein” The Journal Of
Biological Chemistry.1990,265, 32, 1980019806.
[7]. Krovat, E.M., Steindl,T., and Langer, T.
“Recent Advances in Docking and Scoring”,
Current
Computer-Aided
Drug
Design,
2005,1,93-102.
[8].Riddiford , L. M., Evans , P.D., Review,
Advances in Insect Physiology, 1994, 24, 213.
[9]. .Touhara, K., Ohnishi, E., Sonobe, H.,
Takahashi, S., “Advances in Insect Biochemistry
and Molecular Biology” Nagoya university
Press, Nagoya, 1995, 167.
[10]. Goodman, W.G., and Granger, N.A.,
Comprehensive Molecular Insect Science, 2005,
3, Elsevier , Oxford, pp 319-408.
[11]. Braun , R.P., Wyatt, G.R., “Sequence of the
hexameric juvenile hormone-binding protein
from the hemolymph of Locusta migratoria”. J
Biol. Chem. 1996, 271, 31756.
[12]. Gilbert , L.I., Granger, N.A., and Roe, R.
M., “Juvenile Hormone Activity in Dysdercus
cingulatus Fabr by Juvenile Hormone Esterase
inhibitor OTFP.” Insect Biochem. Mol. Biol.
2000, 30, 617.
[13]. Kolodziejczyk, R., Bujacz, G., Jakób, M.,
Ożyhar, A., Jaskolski, M., Kochman, M., “Insect
juvenile hormone binding protein exhibits
ancestral fold present in human lipid binding
proteins”.J. Mol. Biol. 2008,377, 870–881.
[14]. Touhara, K., and
Prestwich, G.D.,
“Binding site mapping of a photoaffinitylabeled
juvenile hormone binding protein “.Biochem.
Biophys. Res. Commun. 1992, 182, 466.
[15]. Kolodziejczyk, R., Kochman, M., Bujacz,
G., Dobryszycki, P., Ozyhar, A., Jaskolski,
“Crystallization and preliminary crystallographic

studies of juvenile hormone-binding protein
from Galleria mellonella haemolymph”. Acta
Crystallogr.D Biol. Crystallogr. 2003, 59, 519.
[16]. Feng, Q.L., Ladd, T.R., Tomkins, B.L.,
Sundaram, M., Sohi, S.S., Retnakaran, A.,
Davey, K.G., and Palli, S.R., “Spruce budworm
(Choristoneura fumiferana) juvenile hormone
esterase: hormonal regulation, developmental
expression and cDNA cloning”. Mol.Cell.
Endocrinol. 1999, 148,95.
[17]. Palli, S.R., Touhara, K., Charles, J.P.,
Bonning, B.C., Atkinson, J.K., Trowell, S.C.,
Hiruma, K., Goodman, W.G., Kyriakides, T.,
Prestwich, G.D., Hammock, B.D., and Riddiford,
L.M., “A nuclear juvenile hormone-binding
protein from larvae of Manduca sexta: a putative
receptor for the metamorphic action of juvenile
hormone”.Proc. Natl. Acad. Sci. USA. 1994, 91,
6191.
[18]. Sok, A.J., Czajewska, K., Ozyhar, A. &
Kochman, “The structure of the juvenile
hormone binding protein gene from Galleria
mellonella”.M., Bio. Chem. 2005, 386,1-10.
[19]. Verdonk, M.L., Cole, J.C., Hartshorn, M.J.,
Murray, C.W., Taylor, R.D., “Application of the
PM6 semi-empirical method to modeling
proteins enhances docking accuracy of
AutoDock”Proteins: Structure, Function and
Genetics 2003, 52, 609-623.
[20]. Lauria, A., Diana, P., Barraja, P.,
Montalbano, A., Dattolo, G., Cirrincione, G., and
Almerico, A. M., “Docking of indolo- and
pyrrolo-pyrimidines
to
DNA.
New
DNAinteractive polycycles from aminoindoles/pyrroles and BMMA”, ARKIVOC 2004
(v) , 263-271.
[21]. AutoDock 4.2 www.scripps.edu.

639

640

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

A Scale-Free-Network Analog of the Canonical
Potential-Energy Distribution
Jack K. Horner
PO Box 266
Los Alamos NM 87544 USA

Abstract
Some interaction (e.g., protein-protein, social) networks are, or are nearly, "scale-free“. A scale-free network is
a network in which the probability, P(k), that a node is connected to k other nodes is P(k) = |c| k-a . A scalefree network has many remarkable properties, not the least of which is that it "is "robust" under random
deletion ("damage/degradation") of its edges. This raises at least two questions: "What does 'robust' mean in
the context of scale-free interaction networks?", and "Given an interaction network H, what does it mean to say
that H is 'nearly' scale-free?" Here I show that these questions can be precisely formulated in terms of an
analog of the canonical potential energy distribution from statistical mechanics, defined on the degreedistribution of H. I then demonstrate the purchase of this approach by applying it to an E. coli protein-protein
interaction network.
Keywords: scale-free network, interaction network, statistical mechanics

1.0 Introduction
A scale-free network is a network ([4], Chapter
8; [10], Section 4.3), G, in which the probability,
P(k), that a node is connected to k other nodes in
G is given by
P(k) = |c| k-a

Eq. 1

where a > 0 and c ≠ 0 are constants, and k = 1, 2,
3, … Note that Eq. 1 is a (discrete-valued)
power-law relation.
The number of nodes to which a given node is
connected is called the degree of that node.
Some interaction (e.g., protein-protein, social)
networks are, or are nearly, "scale-free“. A scalefree network has many remarkable properties,
not the least of which is that it is "robust" under
random deletion ("damage/degradation") of its
edges ([7]).

This raises at least two questions
(R) What does "robust" mean in the context
of scale-free interaction networks?
(C) Given an interaction network H, what
does it mean to say that H is "nearly" scale-free?

2.0 Method
I first define an analog of the canonical potential
energy distribution from statistical mechanics,
based on the degree-distribution of an interaction
network, show that it allows us to precisely
formulate (C) and (R), then demonstrate the
purchase of these ideas by applying them to an
E. coli protein-protein interaction network.
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3.0 Derivation of a pseudopotential energy (PPE) function
for interaction networks
Any real-valued function of the form
f(k) = ck

-a

+ b

Eq. 2

where a, b, and c are constants, a > 0, c ≠ 0, k =
1, 2, 3, … can evidently be transformed to the
power-law function
g(k) = (f(k) – b) = ck-a

Eq. 3

Let H be a network with K > 0 nodes. Let nk be
the number of nodes in H with degree k, k = 1, 2,
3,…, (K-1), defined wherever that number of
nodes is not 0. Define
P(k) = nk/K

Eq. 4

Eq. 4 is a probability measure, because
0 ≤ P(k)
P(S) = 1, where S is the degree-space of the
network
the probability of the union of independent
“events” (i.e., having
specific degree-values) is additive
Note that the RHS of Eq. 4 is nowhere 0. Eqs. 1
and 4 are equivalent if
nk/K = |c| k-a

Eq. 5

If Eq. 5 is satisfied, statistical hypotheses
determined by either side of that equation hold
for statistical hypotheses determined by the other
side.

Now any probability density function, P(q), that
is nowhere zero can be transformed to the
Boltzmann distribution ([8], p. 79 ff.)
P(q) ~ exp[-E(q)]

Eq. 6

where q is a set of parameters of the system of
interest by setting
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E(q) = -log P(q) - log Z

Eq. 7

where Z is any function that permits the righthand-side (RHS) of Eq. 7 to satisfy Eq. 6.
In the case of a canonical N-particle system, q is
the set of the canonical coordinates of the
particles and E is a potential energy function.
Let Z be any positive constant. From Eqs. 4, 5,
6, and 7, a network H is scale-free if
E(k) = -(log nk - log K) - log Z =
-log |c| + a log k – log Z
Eq. 8
For the sake of convenience, we can set Z =1 in
Eq. 8, in which case
E(k) = -log nk + log K = -log |c| + a log k
Eq. 8a
In Eq. 8, the analog of the “configuration space“
of the canonical Boltzmann potential-energy
distribution ([8], pp. 79 ff.) is the degree-space
of H. We can thus think of Eq. 8 as a “pseudopotential-energy” (PPE) characterization of a
scale-free network.
Note that the form of Eq. 8 is invariant with
respect to the characteristic, a, of a scale-free
network, and thus provides a uniform
representation for all such networks. In addition,
Eq. 8 quantifies the “robustness” of a scale-free
network: its PPE varies only as the logarithm of
nk, or equivalently, as the logarithm of k.
Because expressions of the forms of Eqs. 2 and 8
are equivalent for scale-free networks, we can
use regressions on either as a proxy for the other.

4.0 An example
The degree distribution of an E. coli protein
functional interaction network ([2]) was
computed using the get_degree software ([3]).
[2] represents 3,989 functional interactions
distributed across 1,941 E. coli proteins (~45%
of its proteome).
Let Node_Count be the number of nodes in [2]
that have degree Node_Degree. Node_Count
was inverse-regressed against Node_Degree
using the Simstat software ([5]). This
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regression (see Figure 1) fits the inverse (powerlaw) relation

Node_Count = -51.821 +
(697.366/Node_Degree)

Eq. 9

with the statistics shown in Figure 2.

___________________________________________________________________________

Figure 1. Relation between Node_Degree and Node_Count in an E. coli protein-protein interaction
graph.
__________________________________________________________________________________________
_____________________________________________________________________________________________

Regression
R =

.9933

R Square =

.9867

sig. of R =

.0000

Analysis of Variance
Sum of
Mean
F
F
Source
D.F.
Squares
Squares
Ratio Prob.
----------------------------------------------------------------------Regression
1
456829.1319
456829.1319
1265.048 .0000
Residual
17
6138.9734
361.1161

Equation:

Node_Count = -51.8212 + (697.3658 / Node_Degree)

Variable
B
SE B
95% confidence interval
t
Sig t
------------------------------------------------------------------------------Intercept
-51.8212
5.6735
-63.7412 to
-39.9011
Node_Deg
697.3658
19.6068
656.1718 to
738.5598
35.568 .0000

Figure 2. (Inverse) regression statistics, Node_Count on Node_degree for the data in [2]. R is the
regression coefficient, SE=standard error, D.F.=degrees of freedom, F=of the F distribution, t=of the t
distribution, B=projected intercept on the Node_Count axis, sig=probability the null hypothesis (that R,
or B, above, have the indicated value) is false.
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Eq. 9 has the same form as Eq. 2 and satisfies
Eq. 5.Given Eqs. 3, 5, 8a, and 9 (with K = 1469,
a = 1, c = 697.366). The data in [2] thus
approximate, in the sense of the curve-fitting
statistics in Figure 2, the PPE function
E(k) = -log nk + log 1469 =
-log 697.366 + log k
Eq. 10

5.0 Discussion
The results of Sections 3.0 and 4.0 raise at least
two issues that merit further comment:
1. There may be various kinds of
errors/inaccuracies in datasets like [2]. Unless
those errors introduce systematic bias, however,
the Central Limit Theorem ([9], p. 316 ) says
that the mean of the degree-distribution of the
sample data will converge to the population
mean of that distribution. How large the sample
size would have to be to achieve various
confidence levels would of course depend on the
population distribution.
2. It has been suggested that scale-free
networks (as opposed to their nodes proper) may
be one of the loci of the action of various
selection regimes (e.g., natural selection). It’s
certainly an intriguing idea. However, any “richget-richer” regime will create a scale-free
network ([12]), so the existence of a scale-free
network need not imply that the network per se
is the target of selection.
3. In [2], each functional interaction has an
associated Bayesian probability. One could
compute the (power-law) curve-fitting regression
statistics for data whose (probability) measure in
datasets like [2] is equal to or greater than each
probability value in those datasets. Other
sensitivity analyses are of course possible.
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BIOCOMP
Global Stability for the n-Species
Lotka-Volterra Tree Systems
Xinhua Ji

∗

Key Words: Lotka-Volterra system; global asymptotics; cooperation, competition, predator-prey
models

In this paper we study ecological equations with the aid of Volterra multiplier.
We consider one of the simplest and the most important systems of differential
equations in mathematical biology : Lotka-Volterra systems. The system of ODEs
is expressed as follows


ẋi (t) = xi (t) bi −

n
X



i ∈ N,

aij xj (t) ,

(1)

j=1

where N = {1, · · · , n}, xi is the density of species i, bi is the carrying capacity, and
aij represents the effect of interspecific (if i 6= j) or intraspecific (if i = j) interaction.
The corresponding PDE Lotka-Volterra system of reaction-diffusion equations is


(ui )t − D∆ui = ui bi −

n
X



aij uj  ,

(2)

j=1

u(0, x) = u0 (x),
where (t, x) ∈ [0, ∞) ×

m
R+
,

x ∈ Rm ,

(3)

D = diag(D1 , ..., Dn ), Di > 0, and i ∈ N .

Result: For case of graph G(A), A = (aij )n×n being a tree, we obtain globally asymptotic stability for Cauchy problem (2)-(3). This criteria is applicable to
competition model, cooperation model, as well as to predator-prey model.
∗
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Lotka-Volterra System of ODEs

The existence of a stable nonnegative equilibrium of (1) has been studied by many
authors. A well known theorem [10] saying that if there exists a positive diagonal
matrix W such that W A + At W is positive definite then the system (1) has a
globally stable nonnegative equilibrium. For a Lotka-Volterra system, it is difficult
to determine the existence of a stable equilibrium by applying this criteria since the
positive diagonal matrix W cannot be easily found. It may be more interesting to
seek those criteria which are connected directly with the parameters aij by which
one can easily obtain a stable equilibrium. Our results in [3, 5] are in this respect.
Definition 1.1 For fixed i, j ∈ N (i 6= j), species i and species j are said to be in
interaction if aij aji 6= 0 . With aii > 0 we define aij < 0 for cooperation, aij > 0 for
competition, and aij aji < 0 for predator-prey interaction.
Definition 1.2 Matrix A ∈ Sw if there exists a positive diagonal matrix W such
that W A + AT W is positive definite, and W is called a Volterra multiplier for A.
Definition 1.3 ([5]) The graph G(An ) consists of n vertices representing n species
together with edges representing the interrelations between species. The graph G(An )
of system (1) is said to have a cycle if there are distinct indices i1 , · · · , im (m ≥ 3)
such that none of the elements ai1 i2 , ai2 i3 , · · · , aim i1 vanish. A system is called a tree
if its graph G(An ) is a connected graph without any cycle. The degree of ith species
in An is defined by the positive integer mi that is the number of species connected
with the ith species in graph G(An ).
Theorem 1.4 ([5]) Let G(A) be a tree, and let mi , mj be degrees of ith , j th species
respectively. If aii > 0, and
aii ajj > mi mj aij aji ,

i, j ∈ N ,

are satisfied, then A ∈ Sw .
Corollary 1.5 ([5]) Let G(A) be a chain. Assume aii > 0, i ∈ N . If
a11 a22 > 2a12 a21 ,
aii ai+1,i+1 > 4ai,i+1 ai+1,i , 2 ≤ i ≤ n − 2,
an−1,n−1 ann > 2an−1,n an,n−1 ,
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are fulfilled, then A ∈ Sw for cooperation and competition models of (1).

Corollary 1.6 ([5]) Assume aii > 0, i ∈ N . If
a11 ajj > (n − 1)a1j aj1 ,

j ∈ N − {1}

are satisfied, then A ∈ Sw for cooperation and competition models of system (1)
between one and multi-species.

Corollary 1.7 ([5]) (also given in [9]) Let G(A) be a tree. Assume aii > 0, i ∈ N .
Then A ∈ Sw for Lotka-Volterra prey-predator system.

2

Lotka-Volterra System of PDEs

Theorem 2.1 [3] Let G(A) be a tree. Assume mi , mj to be degrees of ith , j th species
respectively. If
aii ajj > mi mj aij aji , aii > 0, i, j ∈ N ,
(4)
are satisfied, then, for any given initial function u0 (x), the Cauchy problem (2) − (3)
of Lotka-Volterra system, has a unique global positive solution u(t, x) such that
lim u(t, x) = u∗

t→∞

uniformly for x ∈ E (where E is any bounded subset of Rm ), where u∗ is the unique
positive equilibrium solution of system (2).

Proof of Theorem 2.1([3]): We apply the invariant region method [8] introduced
by Weighberger, and developed by Chueh, Conlay and Smoller, for a more general
system
m
ut − D∆u = f (u), (t, x) ∈ [0, ∞) × R+
(5)
u(0, x) = u0 (x),

x ∈ Rm

(6)

Definition 2.2 ([8]) A closed subset
⊂ Rn is called an invariant region for the
local solution defined by (5) − (6), if any solution u(t, x) having its initial value
P
P
u(0, x) = uo (x) ∈
for all x ∈ Rm , satisfies u(t, x) ∈
for all t ∈ [0, δ)(δ > 0).
P
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of the form
X

n
= {u ∈ R+
| G(u) ≤ 0}

n
, and
where G(u) is smooth real-valued function defined on open subset of R+

dG =

∂G
∂G
,···,
∂u1
∂un

!

6= 0

n
→ R is called quasi-convex at u,
Definition 2.3 ([8]) The smooth function G : R+
2
if whenever dG(u) = 0, then d G(u) ≥ 0, where
2

d G(u) =

∂ 2 G(u)
∂ui ∂uj

!
n×n

P

Smoller [8] proved that if system (5) admits a bounded invariant region
, and
P
o
m
u (x) ∈
for all x ∈ R+ , then the solution of problem (5)- (6) exists for all t > 0
and this solution must be bounded. We consider, without loss of generality, the
invariant region as follows
X

n
= {u ∈ R+
| G(u) − α ≤ 0} (α ≥ 0)

α

Definition 2.4 ([6]) The smooth function G(u) is called a global Liapunov function
for system (5), if it satisfies
i) G(u) ≥ 0, G(u) = 0 iff u = u∗ ,
n
ii) G(u) → +∞, as u → ∂R+
,
iii) dG(u) · f (u) = dG(f ) ≤ 0, the equality holds iff u = u∗ ,
iv) dG(u) is a left eigenvector of D ,
n
.
v) G(u) is quasi-convex in R+
The conditions i), ii) and iii) in above definition guarantee the global stability of
u∗ for the corresponding ODE system of (5). And iii), iv) and v) ensure the global
existence of solutions of problem (5)-(6).
Lemma 2.5 ([6]) If system (5) admits a global Liapunov function G(u) satisfying
Definition 2.3, then for any given initial function uo (x), the Cauchy problem (5)−(6)
has a unique global positive solution u(t, x) such that
lim u(t, x) = u∗

t→∞

uniformly for x ∈ E ( where E is any bounded subset of Rm ).
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Lemma 2.6 ([6]) For the interaction matrix A = (aij )n×n , if there exists a positive
diagonal matrix W = diag(w1 , · · · , wn ) such than W A + AT W is positive definite,
then system (5) admits a global Liapunov function G(u) satisfying Definition 2.3
which is given by
!
n
X
ui
∗
∗
G(u) =
wi ui − ui − ui ln ∗ .
ui
i=1

Lemma 2.7 ([5]) Let graph G(A) be a tree. Then a positive diagonal matrix W =
diag(w1 , ...wn ) exists. Its elements are given by induction from the formula
wj =

2aii ajj − mi mj aij aji
wi
mi mj a2ji

(with w1 = 1, for instance), such that W A + AT W is positive definite under (4).

3
3.1

More Results
More Results on Lotka-Volterra Tree Systems

As well known that it is necessary and of practical significance to consider the
arbitrary nonautonomous Lotka-Volterra systems, since, strictly speaking, all the
realistic ecological environment is neither autonomous nor periodic. We obtain in
[4] some sufficient conditions for the ultimate boundedness to non-autonomous
n-dimensional Lotka-Volterra tree systems.
On the other hand, the time delay effect must be considered because it exists
in almost every ecological systems. In general, delay differential equations exhibit
much more complicated dynamics than ordinary differential equations, since a time
delay could cause a stable equilibrium to become unstable and cause the population
to fluctuate. Therefore, more realistic models of population interactions should take
into account the effect of time delay. We consider Lotka-Volterra tree systems
with continuous time delay where the growth rate of one species is not only
decided by the density of all species at the time t but also influenced by its own
density before the time t. The dynamical behavior of the total population of the
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species is described by the system of integro-differential equations


ẋi = xi bi −

n
X

aij xj + γi

j=1

Z



t

−∞

αi exp[−αi (t − τ )] xi (τ ) dτ  ,

i ∈ N,

(7)

where αi > 0, γi ∈ R. We obtained in [2] a set of sufficient conditions for the globally
asymptotic stability to system (7) .
We also consider the combined effects of non-autonomous environment and time
delay phenomenon to Lotka-Volterra tree system. With the aid of Volterra multiplier
we obtain in [1] a set of sufficient conditions for the ultimate boundedness to nonautonomous n-dimensional Lotka-Volterra tree systems with continuous
time delay.

3.2

Lotka-Volterra Cycle System

We consider a 3-dimensional Lotka-Volterra predator-prey cycle system
b ∈ R3 ,

ẋ = X(b − Ax),


(8)



1
a −a
−a
1
a 
A=

,
a −a 1

a > 0,

 > 0,

which has been investigated in [7]. We approach it in a different way and obtain
same result.
Theorem 3.1 ([1]) Matrix A ∈ Sw if and only if its parameters a,  satisfy condition
1−

2
1
<<1+ ,
a
a

a > 0,

 > 0.

(9)

Remark
This is a global bifurcation problem. The region given
by (9)o is a
n
globally stable region which we denoted by Ωs . Two curves, l1 =  = 1 + a1 and
n

l2 =  = 1 −
n

o

2
a

o

n

2
, divide R+
into three regions Ωs = 1 −

n

o

2
a

<<1+

1
a

o

, Ωu1 =

2
 > 1 + a1 and Ωu2 =  < 1 − a2
for (a, ) ∈ R+
. Inside Ωs the nonnegative
equilibrium point of (8) is globally stable, and outside Ωs , i.e. inside Ωu1 and Ωu2 ,
the system is unstable or at least it is not globally stable. Thus we say that curves
l1 , l2 are two global bifurcation curves. And system (8) is with global bifurcation.
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Bhageerath:
A web-enabled high performance computing software suite
for predicting the tertiary structures of small globular
proteins using all atom energy based ab initio methods
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Department of Chemistry , Supercomputing Facility for Bioinformatics and Computational Biology and
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Abstract: Protein folding considered as the holy grail of
molecular biology continues to remain elusive even after six
decades of the discovery of secondary structures. While
significant advances have been made in tertiary structure
prediction via knowledge-base driven Bioinformatics
methodologies, all atom models, which promise a physicochemical understanding of the folding and detection of new
folds, have yet to mature to be predictive. We describe here
an energy based software suite for narrowing down the
conformational search space of globular proteins. The
protocol comprises eight different computational modules
that form an automated pipeline and which is optimized to
run on a cluster. The software suite initially predicts the
secondary structure starting from the sequence and
generates multiple trial structures by sampling the
conformational space of the loop residues. It combines
physics based potentials with biophysical filters and
empirical energy functions to finally arrive at five plausible
candidate structures for the native.
Keywords: Tertiary Structure Prediction, Protein Folding,
De novo method, Parallel Processing

Introduction
The tertiary structure prediction of a protein using amino
acid sequence information alone is a grand challenge
problem in computational biology/molecular biophysics [1].
A protein, despite many internal degrees of freedom folds
spontaneously into a unique three-dimensional (3-D)
structure. This is of great scientific interest mainly in the
area of structure based drug design endeavors. The
prohibitive cost and time required to carry out this research
using experimental techniques urge adoption of an in silico
methods for the protein modeling and drug design. [2] .

The ultimate goal is to use highly efficient computer
algorithms to identify amino acid sequences that not only
adopt particular tertiary structures but also perform specific
functions. Contemporary approaches for protein structure
prediction can be broadly classified under two categories viz.
(i) comparative modeling, such as homology modeling and
threading [4-7] and (ii) de novo folding [8-12]. The first
category of methods uses the structures of proteins already
solved experimentally as templates (either locally or
globally, at the amino acid sequence level or at the substructure level). With a huge database available for genome
and proteome data via sequencing projects, comparative
modeling has become the obvious choice to characterize
sequences where related representatives of a family are
available in structural databases [13-18]. There are several
web servers based on comparative modeling approaches
available such as, Swiss Model [4], CPHmodels [19], FAMS
[20] and ModWeb [21], etc. A natural limit for these
approaches is the quantity of information available in the
structural databases. This highlights the importance of de
novo techniques for protein folding. Significant progress has
been made in recent years towards physics-based
computation of protein structure, from given amino acid
sequence. This approach, commonly referred to as an ab
initi/de novo [23-25] method is based on the thermodynamic
hypothesis formulated by Anfinsen (1973), according to
which the native structure of a protein corresponds to the
global minimum of its free energy under given conditions
[26]. Protein structure prediction using ab initio method is
accomplished by a search for a conformation corresponding
to the global minimum of an appropriate potential energy
function without the use of secondary structure prediction,
homology modeling, threading etc [27].
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Bhageerath@SCFBio, IIT Delhi
We have developed a computationally viable de novo
strategy for tertiary structure prediction, processing and
evaluation. The web server christened Bhageerath takes as
input the amino acid sequence and secondary structure
information for a query protein and returns 5 candidate
structures for the native. In this article, we report the
validation and testing of the protein structure prediction web
suite Bhageerath with application on 70 small globular
proteins. The programs are written in standard C++
programming language along with small chunks of Perl and
Shell scripting language with a total of more than ~10000
lines of code and are easily portable on any POSIX (UNIX,
LINUX, IRIX, Solaris and AIX) compliant system. This
suite is implemented on a 280 processors cluster. Also this
HPC suite can be run on a variety of architecture starting
from single processor to multi-node multi-core systems. The
programs developed for the suite have been written using
MPI parallel computing libraries.

Fig 2: Data Parallelism for Bhageerath Suite

Materials and Methods
The flow chart diagram of Bhageerath (www.scfbioiitd.res.in/bhageerath) is depicted in Fig 1.

Fig 3: Configuration of the Cluster

Fig 1. The flow of information in Bhageerath web server,
starting with input from user to the final 5 predictions made
available to the user, one of which is expected to be close to
native-like structure

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

653

Fig 4: Front end of Bhageerath software

Table1 : Shows Comparison of CPU
time for different systems tested in
parallel mode on a cluster
PDBID

No of
Residues

System

Time taken on
Sun Fire X2200
Dual Socket
quad core
machine
(256 Processors)

1IFD

50

2 Helices

45 sec

1JJS

50

3 Helices

10 min

1ACW

29

1 Helices,
2Strands

4 min 33 sec

1AB1

46

2 Helices

54 sec

1AHO

64

3 Helices

4 min

99

4 Helices

4 hr 16 min

2J9V

where P is the fraction that is parallelizable in the entire suite
and S is the speed up of the program.
Also the IOPS (Input Output per sec) for this suite is not on a
higher side resulting in no extra load on the network. Also, it
is more of a compute intensive program rather than memory
intensive. Thus as the number of processors grows the
program execution time becomes less.

Fig 5: Shows linear scalability of the Bhageerath software.
This shows performance of a three helical system on

2V75

89

5 Helices

3 hr 55 min

1FRO

125

5 Helices

7 hr 45 min

different number of processors on a cluster. Amino Acid
sequence:
ELEKALSKLSEREAMVLKMRKGLIDGREHTLEEVGA
YFGVTRERIRQIENKALRKLKYHES
Secondary Structure Information: H 10 21; H 30 39; H 41 59
Residue length: 61

Bhageerath is a perfect example of data parallelism where
most of the code is written in parallel mode so that it can
scale well (Table 1) with addition of more and more number
of processors for speeding up the execution of programs
according to Amdahl’s law (1).

(1)
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Overview of the organization of the suite
Bhageerath is a fully automated web enabled protein
structure prediction software suite that is made available
through a convenient user interface which returns 5
predictions for a given protein query sequence. A click on
the Bhageerath server opens into a window wherein a user
can paste or enter a query protein (amino acid sequence) in
FASTA format. The current version supports continuous
sequences up to 100 amino acids. The user is prompted for
amino acid range as secondary structural input. Also there is
an option to predict the secondary structure information in an
automated way. Upon submission the user receives an
unique job id for his/her sequence. User has the option to
provide an email id to receive an output link which contains
5 lowest energy candidate structures.
Other protein related utilities are available at www.scfbioiitd.res.in/bioinformatics/proteinstructure.htm

Results
We present here a performance appraisal of the protein
tertiary structure prediction software suite on 70 globular
proteins with known structures. All the proteins have been
extracted from the Protein Data Bank (PDB) [28] and are
functionally diverse. We have extracted ~8000 unique
proteins from the PDB at 50% sequence similarity or less.
From these, ~8000 unique proteins, we obtained 329 proteins
satisfying the criterion that the number of residues is < 100
and the number of secondary structural elements varies
between two and four (in some case we have tested on five
as well) (see Table1). We have selected our test set of 70
proteins randomly from these 329 proteins. The length of the
polypeptide chain varies from 17 to 100 and the total number
of helices and strands ranges between two and five. The
results obtained for the 70 globular proteins with the web
server are shown in Table 2 and Fig 6.

Fig 6:The superimposed lowest RMSD structures for the 70
small globular test proteins used for the validation of
Bhageerath

web server. The PDB ID’s are shown

underneath each structure. The predicted structure is shown
in red color and the native in blue.

Conclusion :
We describe here an energy based computational web server
Bhageerath, for an automated protein tertiary structure
prediction. The web server permits predictive folding with
moderate computational resources. The validation of the
computational protocol on 70 globular proteins has shown
that the web server selects one or more candidate structures
within an RMSD of 3–7 Å with respect to the native in the 5
lowest energy structures. The results provide a benchmark as
to the level of model accuracy one can expect from this web
server. The software is currently implemented on a cluster
with 280 dedicated AMD Opteron 2.4 GHz processors. In
contrast to typical short return times (ranging from 1 to 10
min) for receiving results from comparative modeling
servers, the expected prediction time with Bhageerath web
server for two helix systems is 45 Sec while for three helix
systems it is 10 min. The advantage however is that it has the
potential to predict new folds [29-35].
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Table 2: Performance of Bhageerath on
70 small Proteins.
#

PDBID

36

1GAB

53

3H

4.9

1

37

1MOF

53

3H

2.9

5

38

1ENH

54

3H

4.6

3

39

1IDY

54

3H

3.6

5

40

1PRV

56

3H

5

5

41

1HDD

57

3H

5.5

4

1
2
3
4
5

1E0Q
1B03
1WQC
1RJU
1EDM

# of
Amino
Acids
17
18
26
36
39

42

1BDC

60

3H

4.8

5

6

1AB1

46

2H

4.2

5

43

1I5X

61

3H

3.6

3

7

1BX7

51

2E

3.2

4

44

1I5Y

61

3H

3.4

5

8

1B6Q

56

2H

3.8

5

45

1KU3

61

3H

5.5

4

9

1ROP

56

2H

4.3

2

46

1YIB

61

3H

3.5

5

10

1NKD

59

2H

3.9

1

47

1AHO

64

1H,2E

4.5

4

11

1RPO

61

2H

3.8

2

48

1DF5

68

3H

3.4

1

12

1QR8

68

2H

3.9

4

49

1QR9

68

3H

3.8

2

13
14
15
16
17

1FME
1ACW
1DFN
1Q2K
1SCY

28
29
30
31
31

1H,2E
1H,2E
3E
1H,2E
1H,2E

3.7
5.3
5
4.8
3.1

5
3
1
4
5

50

1AIL

70

3H

4.4

3

51

2G7O

68

4H

5.8

2

52

2OCH

66

4H

6.6

3

53

1WR7

41

3E,1H

5.2

2

18

1XRX

34

1E,2H

5.6

1

54

2B7E

59

4H

6.8

4

1FAF

79

4H

6.4

4

# of Sec.
Str.
Elements
2E
2E
2H
2H
2E

RMSD
( Å)

Energy
Rank

2.5
4.4
2.5
5.9
3.5

2
2
3
4
2

19

1ROO

35

3H

2.8

5

55

20

1YRF

35

3H

4.8

4

56

1PRB

53

4H

6.9

4

21

1YRI

35

3H

4.6

3

57

1DOQ

69

5H

6.8

3

22

1VII

36

3H

3.7

2

58

1I2T

61

4H

5.4

4

23

1BGK

37

3H

4.1

3

59

2CMP

56

4H

5.6

1

24

1BHI

38

1H,2E

5.3

2

60

1BW6

56

4H

4.2

1

25

1OVX

38

1H,2E

4

1

61

1X4P

66

4H

5.2

3

26

1I6C

39

3E

5.1

2

62

2K2A

70

4H

6.1

1

63

1TGR

52

4H

6.8

2

64

2V75

90

5H

7

3

65

1HNR

47

2E,2H

5.2

2

66

60

4H

5

4

67

2KJF
1RIK

29

2E,2H

4.4

4

68

1JEI

53

4H

5.8

5

69

2HOA

68

4H

6.3

4

70

2DT6

62

4H

7

3

27
28
29
30
31

2ERL
1RES
2CPG
1DV0
1IRQ

40
43
43
45
48

3H
3H
1E,2H
3H
1E,2H

4
4.2
5.3
5.1
5.5

3
2
2
4
3

32
33
34
35

1GUU
1GV5
1GVD
1MBH

50
52
52
52

3H
3H
3H
3H

4.6
4.1
5.1
4

4
2
4
4

656

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Acknowledgements
Funding and support from the Department of Biotechnology
and Department of Information Technology, Govt. of India
is gratefully acknowledged.

References
[1]
Liwo,A., Khalili,M. and Scheraga,H.A.
“Ab initio simulation of protein-folding pathways
by molecular dynamics with united residue model
of polypeptide chains”. Proc. Natl Acad. Sci. USA,
102, 2362–2367, 2005

Carlo simulations driven by restraints derived
from multiple sequence alignments”. J. Mol.
Biol., 277,
419–448, 1998
[11]
Huang,E.S.,
Samudrala,R.
and
Ponder,J.W. “Ab initio fold prediction of small
helical proteins using distance geometry and
knowledge-based scoring functions”. J. Mol.
Biol., 290, 267–281, 1999
[12]
Simons,K.T., Strauss,C. and Baker,D.
“Prospects for ab initio protein structural
genomics”. J. Mol. Biol., 306, 1191–1199, 2001

[2]
Baker,D. “A surprising simplicity to
protein folding”. Nature, 405, 39–42, 2000.

[13]
Rost,B. and Sander,C. “Bridging the
protein sequence-structure gap by structure
predictions”.
Annu. Rev. Biophys. Biomol.
Struct., 25, 113–136, 1996

[3]
Klepeis,J.L. and Floudas,C.A. “In silico
protein design: a combinatorial and global
optimization approach”. SIAM News, 37, 1, 2004.

[14]
Guex,N., Diemand,A. and Peitsch,M.C.
“Protein modeling for all”. Trends Biochem. Sci.,
24, 364–367, 1999.

[4]
Guex,N. and Peitsch,M.C. SWISSMODEL and the Swiss-PdbViewer: an
environment
for
comparative
protein
modeling.Electrophoresis, 18, 2714–2723, 1997.

[15]
Moult,J. “Predicting protein threedimensional structure”. Curr. Opin. Biotechnol.,
10, 583–588, 1999

.

[5]
Sanchez,R. and Sali, A. “Evaluation of
comparative protein structure modeling by
MODELLER-3”. Proteins, 29, 50–58, 1997.
[6]
Panchenko,A.R., Marcbr-Bauer,A.E. and
Bryant,S.H. Combination of threading potentials
and sequence profiles improves fold recognition.
J. Mol. Biol., 296, 1319–1331, 2000.
[7]
Skolnick,J.E. and Kihara,D. “Defrosting
the frozen approximation: PROSPECTOR-a new
approach to threading”. Proteins, 42, 319–331,
2001.
[8]
Aszodi,A.,
Gradwell,M.J.
and
Taylor,W.R. “Global fold determination from a
small number of
distance restrains”. J. Mol. Biol., 251, 308– 326,
1995.
[9]
Kolinski,A., Jaroszewski,L.,
Rotkiewicz,P. and Skolnick,J. “An efficient
Monte Carlo model of protein chains. Modeling
the short-range correlations between side group
centers of mass”. J. Phys Chem, 102, 4628–4637,
1998.
[10]
Ortiz,A.R., Kolinski,A. and Skolnick,J.
“Fold assembly of small proteins using Monte

[16]
Al-Lazikani,B., Jung,J., Xiang,Z. and
Honig,B. “Protein structure prediction”. Curr.
Opin. Struct. Biol., 5, 51–56, 2001.
[17]
Venclovas,C. “Comparative modeling of
CASP4 target proteins: Combining results of
sequence search with three-dimensional structure
assessment”. Proteins, 45, 47–54, 2001.
[18]
Tramontanoa,A.
and
Morea,V.
“Assessment of homology based predictions in
CASP5”, Proteins, 53, 352–368, 2003.
[19]
Lund,O., Nielsen,M., Lundegaard,C.
and Worning,P. “X3M a computer program to
extract 3D models”. Abstract at the CASP5
conference, A102, 2002.
[20]
Ogata,K. and Umeyama,H. “An
automatic homology modeling method consisting
of database searches and simulated annealing”. J.
Mol. Graph Model, 18, 258–272, 305–306, 2000.
[21]
Sali,A. and Blundell,T. “Comparative
protein modeling by satisfaction of spatial
restraints”. J. Mol. Biol., 234, 779–815, 1993.
[22]
Tress,M.,
Ezkurdia,I.,
Gran˜a,O.,
Lopez,G. and Valencia,A “Assessment of
predictions submitted for the CASP6 comparative
modeling category”. Proteins, 61, 27–45, 2005.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

[23]
Scheraga,H.A. “Some approaches to the
multiple-minima problem in the calculation of
polypeptide and protein structures”. Int. J.
Quantum Chem., 42, 1529–1536, 1992.
[24]
Scheraga,H.A. “Recent developments in
the theory of protein folding: searching for the
global energy minimum”. Biophys. Chem., 59,
329–339, 1996.
[25]
Vasquez,M.,Nemethy,G.
and
Scheraga,H.A.
“Conformational
energy
calculations on polypeptides and proteins”. Chem.
Rev., 94, 2183, 1994.
[26]
Anfinsen,C.B. “Principles that govern
the folding of protein chains”. Science, 181, 223,
1973.
[27]
Pillardy,J.“Recent improvements in
prediction of protein structure by global
optimization of a potential energy function”. Proc.
Natl Acad. Sci. USA, 98, 2329–2333, 2001.
[28]
Berman,H.M.,Westbrook,J.,Feng,Z.,Gilli
land,G.,Bhat,T.N., Weissig,H., Shindyalov,I.N.
and Bourne,P.E. “The Protein Data Bank”.
Nucleic Acids Res., 28, 235–242, 2000.
[29]
B. Jayaram, Kumkum Bhushan, et al. :
“Bhageerath : An Energy Based Web Enabled
Computer Software Suite for Limiting the Search
Space of Tertiary Structures of Small Globular
Proteins”. Nucl. Acids Res., 34, 6195-6204, 2006.
[30]
L.Thukral, S .R.Shenoy, K.Bhusan and
B.Jayaram. “ProRegIn: A Regularity Index for the
Selection of Native like Tertiary Structures of
Proteins”. Journal of Biosciences, 32(1), 71-81,
2007.
[31]
Narang,P., Bhushan,K., Bose,S. and
Jayaram,B. “Protein structure evaluation using an
all-atom energy based empirical scoring
function”. J. Biomol. Struct. Dyn., 23, 385–406,
2006.
[32]
Surjit B. Dixit, R. Bhasin, E.
Rajasekaran, and B. Jayaram. “Solvation
Thermodynamics of Amino Acids : Assessment
of the electrostatic contribution and force-field
dependence”. J. Chem. Soc., Faraday Trans.,
93(6), 1105-1113, 1997.
[33]
N. Arora, and B. Jayaram. “Strength of
hydrogen bonds in alpha helices”. J. Comput.
Chem. 18, 1245-1252, 1997.

657

[34]
Sandhya R. Shenoy and B. Jayaram,
"Proteins: Sequence to Structure and Function".
Current Status, Current Protein and Peptide
Science, Accepted, 2010.
[35]
Narang,P., Bhushan,K., Bose,S. and
Jayaram,B. “A computational pathway for
bracketing native-like structures for small alpha
helical globular proteins”. Phys. Chem. Chem.
Phys., 7, 2364–2375, 2005.

658

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Biopsy Back Wave Preprocessing Research of
BRATUMASS System based on Applications of
Fractional Fourier Transform
Zhi-fu Tao1, Xia-chen Dong1, Meng Yao1,*, Yi-zhou Yao2
School of information Science and technology, East China Normal University, Shanghai, China
2
Shanghai Wei-Yu High middle School, Shanghai, China
*myao@ee.ecnu.edu.cn

1

Abstract - Using the difference of dielectric constant between
malignant tumor tissue and normal breast tissue,
BRATUMASS (Breast tumor microwave sensor system)
determines the detected target properties by analyzed the
properties of target tissue back wave obtained after near-field
microwave radicalization. In order to estimate the center
frequency of target tissue back-wave, Fractional Fourier
transform application is introduced in this paper. A MultiTarget center frequency of classification method is presented.
This paper gives the experimental data analysis results.
Keywords: Layer Target, Back-Wave Frequency, Detached
Estimation

1

2

Target tissue back wave modeling

The BRATUASS system transmits the trigonal linear
frequency modulated signal. Then the receiving signal Sr(t)
can be express as following:
t  tr
1

2 
(1)
S ( t )  rect (
) exp  j 2  [ f ( t  t )  k ( t  t ) ] 
r

r

r

2



Where rect(t) is rectangular enclosure, f0 is initial
frequency, T is time width, k is frequency modulated rate and
tr is the back-wave delay. Considering some sort of movement
caused by breast blood supply, the transmission antenna has to
close to the surface of the breast. Assume that the distance
between tissue object and transmission antenna is R and the
relative velocity is vr, the delay tr can be written as:
1

tr 

Introduction

Breast tumor microwave sensor system (BRATUMASS)
is a breast tumor data acquisition system which is based on the
project of breast tumor microwave near-field imaging and
early diagnosis of breast cancer.[1] Using the difference of
dielectric constant between malignant tumor tissue and normal
breast tissue, BRATUMASS (Breast tumor microwave sensor
system) determines the detected target properties by analyzed
the properties of target tissue back wave obtained after nearfield microwave radicalization. The characteristics of the
whole signal transmission and back-wave reception
processing are the key points of obtained target properties
relationship and reconstructed detected space. In
BRATUMASS signal processing, large amount of harmonic
interference is a big problem, which usually adopts filter.
However, it filters out not only harmonic but also other
frequency components inevitably. Then it means the loss of
target back-wave. This paper proposes the estimation method
of center frequency based on Fractional Fourier Transform.
The processing results of multi-target weak back-wave shows
that the method is feasible.

0



T

v  vr

(2)

 (2 R  2v r t )

Where, the v is the propagation velocity of microwave
through in breast tissues. So, from equation (1), we can get
Sr(t).
S r ( t )  rect (

(

v  vr
v  vr

t  tr

) exp{ j 2  [

T

f0 

2 kR ( v  v r )
(v  vr )

2

1

k(

v  vr

2

v  vr

)t 

2 kR

) t 
2

2

2

(v  vr )

2



2 Rf 0
(v  vr )

]}

(3)

In order to reduce the signal sampling frequency, backwave Sr(t) can be processed by using zero-IF (Zero
Intermediate Frequency) method, which can greatly decrease
the A/D sampling rate of BRATUMASS system. The principle
is shown in Figure 1.

Figure 1. BRATUMASS system Zero-IF processing
From Figure.1, SL(t) is instantaneous signal of
transmitting antenna, namely reference delay signal. When the
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reference delay of back-wave located object is τ 0, SL(t) can
be expressed as:
S L ( t )  rect (

t 0

1

2 
) exp  j 2  [ f 0 ( t   0 )  k ( t   ) ] 
2



T

(4)

Sf(t) is zero-IF mixer output signal and Sf(n) is the signal
after output of A/D converter.Consider equation (3) and (4),
we can get :
S f ( t )  rect (

where, k a 
fa 

a 

t  tr

) rect (

t 0

T

T

4 vv r k
(v  vr )
2vr f0
2

(v  vr )

2



1
2

k a t   a ]}
2

(5)

2 kR

2 kR
( v  vr )

2 Rf 0
v  vr

v

2



2



v  vr

 f 0 0 

1
2

k 0

2 Rf 0
v

 f 0 0 

1
2

vˆ r 

k 0 .
2

kˆ a v

(6)

4k

estimated value of fa.

Due to the Fractional Fourier transform has very good
effect of detection and recognition on linear-FM (LFM)
signals’ back-wave shift-frequency parameter, we analysis
about the actual sampling data from vivid pathological case in
this paper. Consider the definition of fraction Fourier
transforms:
 1  j cot    x ( t ) e j  ( t 2  u 2 ) cot   j 2  ut csc  dt ,   n 
 

X p `(u )  
x ( t ),........ .......... .......... .......... ..........   2 n 

  x ( t ),........ .......... .......... .......... .......... ...  ( 2 n  1) 

2

is

peak

(9)

BRATUMASS system need determine the distance
between the tissue and transmission antenna in practice,
namely the estimate of center frequency. Whereas, because of
many layered tissues in the mammary gland, a large number

of target back-wave is confused. Contrasting the single
target condition, it is difficult to select a maximum value.
To solving the problem, the detected peak classification of
is proposed.

4

Classification based on center frequency
Processing steps are as follows:

Step1: Obtain a local maximum point and mark the
corresponding coordinates by researching two-dimension
plane ( , u ) . If there are M local maximum points, which is
respectively (ˆ 1 , uˆ1 ), (ˆ 2 , uˆ 2 ),....( ˆ M , uˆ M ) .

Fractional Fourier Transform

 p

(ˆ m ax , uˆ m ax )

f s is sampling frequency.

(7)

Here, kˆa is the estimated value of ka and fˆa is the

Where， 

Suppose


2
 ˆ m ax , uˆ m ax   arg max X  ( u )
 ,u

fs

ˆ
k  
cot(  m ax )

T

fs

fˆ 
uˆ m ax csc( ˆ m ax )

T

2

v
Rˆ  ( k  0  fˆa )
2k



.

;

( v  vr )

Since ka and center frequency fa are estimated by
solving linear-FM (LFM) equation ， the distance and the
velocity of target tissue can be calculated. Consider vr
approximate to 0， estimation formulas are as following:

3

Then impulse signal is the fraction Fourier transform of
infinite -time linear-FM (LFM) signals and its energy
concentrate in corresponding points in the u axis. Compared
with microwave propagation velocity, the blood velocity of
tissue is slow, it approximate to 0. Considering the twodimensional plane ( , u ) search angle is close to –cot(α )=0,
coordinates after research, the corresponding estimations are
proposed as following:[2]

If sounding target in vivo ， we get a weak linear
frequency modulation signal after zero-IF processing.
Considering :
4 kv r
v r  0 , so k a 
;
v
2 kR
f a  k 0 
v
and  a 

According to function (8), frequency modulation rate of
fraction Fourier factor base is –cot (α ).

namely    / 2

;

 k 0 

v  vr

2 kR

2

)  exp{ j 2  [ f a t 
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Step2: Calculate

fˆ i by formula

fˆ i 

fs
T

uˆ i csc( ˆ i )

where, i taking value between 1 and M .
Step3: Merge the same value of fˆ i ， and then they are
ordered according to the ascending order of their values.

(8)

5

Clinical examples of signal processing

Take a clinical case for example, the locations and the
size of antenna are shown in Figure 2. BRATUMASS system
modulated center frequency is 1.575GHz，A/D sampling

660
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Modulation bandwidth B  100 MHz ;

frequency is 500Hz and sampling depth is 3000 point. Then
the sampling data is shown in Figure 3.

fˆ

Figure 5. Merge  and sort by FFT. The frequency as
abscissa, the signal amplitude as ordinate

Li 

乳房结构图
Figure图2.1 The
structure of breasts

i

Modulation period T  1ms , and the formula:
T
v 
 fˆ , the distance corresponding to center

1

2

B



i

frequency is obtained as illustrated in Figure 6.

Figure 6. The center frequency is mapped to the distance.
The distance as abscissa, the signal amplitude as ordinate
S

(n)

Figure 3. BRATUMASS system sampling data f
the
sampling ordinals as abscissa, the signal amplitude as ordinate
By using fraction Fourier transform, which initial value
is  / 2 radian and step value are 0.01radian, then the
distribution about ( , u ) is obtained. The result is shown in
Figure 4.

Figure 4. The distribution about

Contrasting Figure 2.the locations of sampling points
and Figure 6 the distance, layered interior tissue of mammary
can be roughly observed. Therefore, detaching layer happens
below the skin layer (0-4mm). Moreover, tissue has different
distribution at different depth. The fat layer is inferior (6mm30mm), which is incompact.

6

Conclusion

In this paper, the study of BRATUMASS which is based
on fraction Fourier transforms is put forward. We offer a
solution about target back-wave center frequency
determination during detecting mammary gland. In order to
determine the mammy gland interior characteristics
completely, we have to further study on the extraction and
combination energy information from the back-wave,
accordingly obtain the distribution of the detected space and
accomplish the inversion imaging. This article gives the
method of data preprocessing in BRATUMASS system applied
in Fractional Fourier transform. Other problems of
BRATUMASS system will be discuss in detail in the following
articles.

( , u )

The local maximum value points are measured.
Subsequently, the corresponding frequency fˆ is calculated.
i

Figure 5 shows the frequency of merge sorting.
Consider the microwave propagation velocity of the
8
internal mammary [3] v  0 . 766  10 m ;
s
BRATUMASS system modulation center frequency
f  1 . 575 GHz ;

7
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To Live and Die in CA
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Abstract— Biological systems in extreme environments often
show patterning, which have not been completely explained.
To aid in the explanation of biological patterning, a density
based cellular automaton theory is introduced and the implications to biological systems are shown. Maximum region
size by density rules are explicitly calculated. Experiments
which display the resulting behavior, which is akin to chaos
and strange attractors are observed, and large feature
sizes are explained by birth and death density parameters.
Effects of initial conditions, birth and death rules, radius
of calculation, and weighting methods are considered, and
the experimental results discussed and compared to actual
biological systems.

Fig. 1: Regrowth experiment in Cueva de Villa Luz in
Tabasco, Mexico by Louise Hose, (a) April 1999, (b)
September 2003

Keywords: Cellular Automata, chaos, density rules, biovermiculations

(a)

1. Introduction
Patterns in biological systems are not rare. However,
some patterns are particularly striking and appear to be the
result of more than just the intrinsic growth behavior of
individual organisms. For example, we have documented
complex mazelike patterns in microbial mats in a variety
of environments and over a variety of scales [3], [2] and
similar patterns have been noted at even larger scales by
other investigators [7], [6], [5], [9], [4].
We have focused especially on such patterns in cave
environments and to a lesser extent in cryptogamic soil
crusts in deserts [1], [8]. The cave examples are particularly
amenable to analysis of the complex behavior of microbial
maze mats because they are protected from surface weathering. Additionally, in tropical examples, such mats grow and
change at easily detectable rates on the order of months to
a few years.
Growth patterns in cave walls are not static over time;
even where the overall pattern appears constant, there can
be detail changes, Figure 1. Modeling such a system should
not only produce patterns similar to those that are observed,
it should be capable of modeling continuing change in an
established pattern.
Differential equation models are capable of this behavior.
We have shown [8], [1] that differential equations can be
1 The authors would like to thank Eric Lindemann and the unending pot
of Zzyzx coffee, which made this research possible.

(b)

numerically modeled in a cellular automaton (CA); therefore
CAs have the same capability to model change as well
as pattern. Observed behavior suggests the need to model
a pattern which changes over time while retaining gross
characteristics such as population densities and feature size,
which has at least some of the properties of a strange
attractor.
Population density is the most likely candidate for causing
oscillation in a CA, since it is the population density
that determines the value of the central cell. Defining the
death numbers greater than the birth numbers creates the
possibility of oscillation between the limits. We can define
a distribution of this density that characterizes a given pattern
of cells, and since the distribution is patterned, the density
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distribution is non-uniform. We get two distinct density
distributions - one surrounding live cells and a different
distribution surrounding dead cells.
Both dead and live cells are correlated with other cells
of the same type, and the entire CA pattern includes voids
alternating with high density regions. Dead cells may be
near more than one high density region, leading to density
values above critical. Where the birth parameter is close to
critical this makes it possible for large correlated regions to
be born with a density above critical. Actual distributions
are sensitive in particular to radius, which defines how near
a cell needs to be to live or dead regions to be affected.
We propose that distributions around 0 and 1 cells define
sides of a potential well. If there is substantial overlap
between the two distributions, particularly if the distribution
around the dead cells has significant height in the birth
range, oscillations are possible. Less overlap between the
distributions may have the effect of a wide, flat potential
well and leads to static solutions.
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Table 1: Density bounds as a function of the relative feature
size parameter, ω
ω

Geometry

ω≤

1
2

3. Experiments
Four parameters potentially affect the patterning:
1) Initial pattern We chose six initial patterns: a horizontal line, a filled square, a hollow square, a corner,
a checkerboard, and a random distribution. As long as
there was sufficient density for the pattern to grow,
and enough time was given, the initial conditions
only mattered significantly for radius one systems and
slightly for radius two systems.
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ρu = 1 −
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2
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π 2
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4
π 2
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4
π 2
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4
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− 14 (1 − ω) 2ω − 1
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√

2>ω>1

ω2

π
4
π
8

π 2
ω
ρl = 1 − ³
4
´
√
2
+ω arccos(ω) − ω 2 − 1

ρu =

2. Density Theory
Traditionally, CA theory resolves around the number and
location of the living neighbors. In this section we begin
to develop a different way of analyzing CA utilizing the
density, ρ, and the feature ratio, ω. To formalize this, let
N (r) be the number of neighboring cells within radius r, in
the infinity norm sense, thus N (r) = (2r +1)2 −1, and n(r)
is the sum of the neighboring cells values out to a radius r.
n(r)
In terms of our above parameters, the density is ρ = N
(r) .
One thing that becomes readily apparent in both the
calculated and observed patterns is that the features in the
pattern are often very different from the radius used by the
CA to calculate them. The size of the features is usually
consistent and often rounded, so we characterize the features
by the radius of a typical circle. We define the relative
r
feature size parameter, ω = rf , where rf is the radius of
the features. For the feature to be stable we must meet the
following conditions:
Non-Shrinking ρBirth ∈
/ {ρl , . . . , ρu }
Non-Growing
ρu < ρDeath
The values of ρl and ρu are the lower and upper density
bounds for a feature, and are characterized in Table 1.

Density

1+ω−

√

ω 2 −1
2Ã

(ω−1)2 arcsin (ω −1 )−

−
ω≥

√

2

√

!

√

!

ω 2 −1
ω2

4

ρl = 0
ρu =

1+ω−

√

ω 2 −1
2Ã

(ω−1)2 arcsin (ω −1 )−

−

ω 2 −1
ω2

4

2) Birth and Death rules As indicated by Section 2,
we chose the densities such that the birth ranges were
less than the death ranges, and tested a wide range of
densities for each radius. Using densities for the rules
provided a consistency across the otherwise different
scales that the radius would normally impose, and
allowed us to distinguish two key patterning types that
are characteristic of sparse and dense systems. Further,
the closer the birth and death ranges were the more
chaotic the system appeared.
3) Radius (r) We examined radii from one through five,
and discovered that unique types of pattern features
could be distinguished in systems with radii up to
three. For radius 1, patterns were strongly geometric
and reflected the starting seed pattern. For radius 2,
patterns continued to be geometric and reflect the
seed, but chaotic behavior began emerging. Radius
3 patterns showed strong chaotic behavior with an
emerging self organization that changes with the death
rules. Above radius three we saw no new types of
pattern features, though the features were smoother.
We have concentrated on radius 3 as results appear
closer to the patterned growth we are trying to model.
4) Weighting method Each square in the neighborhood
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of a cell is multiplied by a weight, such that the sum
of the weights is one. For most systems we picked all
the weights to be the same (averaging) to be consistent
with the density concept. Systems that weighted cells
further from the center more heavily tended to be
more sensitive to perturbations, while those weighted
more heavily to the center should exhibit less chaotic
behavior more similar to radius one systems. Nonsymmetric weights can cause a system to exhibit more
chaotic behavior, including curling.

Fig. 2: (a) Emergence of static pattern from initial random
distribution, (b) Final static pattern, and (c) Mazelike microbial growth on lavatube wall, Kula Kai, Hawaii. Image
courtesy of Kenneth Ingham.

Examples are computed on a 160*160 grid. The border of
the grid is forced to a constant 0 (dead) value to a distance
from the edge equal to the radius parameter. Other boundary
conditions were considered, but we found from that any
distortion caused by this boundary condition is limited to
a few radii from the edge.

(a)

(b)

Initial condition was a random scattering of live cells in
a 40*40 region at the center of the grid, adjusted to yield a
particular starting population density, generally set midway
between the start of the birth range and the critical death
density. Most results were generated with 75 iterations. In
some cases we ran the system to 140 iterations to verify that
oscillatory behavior did not damp out.
Static solutions exhibit varying degrees of ordered patterns, even when the starting conditions are not ordered.
The oscillating solutions appear chaotic - similarly shaped
and sized features appear on each iteration without repeating
any specific form, and similar population densities repeat.
A static case - birth 8, death 12. After 20 iterations, a
pattern starts to emerge out of the random initial conditions, Figure 2(a), which is fully static at 75 generations,
Figure 2(b). We measured the population density and distributions on the central 40*40 region to avoid edge effects; our
final static density was .269, slightly higher than the critical
death density of .25 . The population distributions around
dead, Figure 3(a) and live cells Figure 3(b) look similar, but
the live distribution is narrower and cuts off at the critical
density, whereas the dead distribution actually peaks above
the critical value.
A chaotic case designed to exhibit oscillations with high
density variation - birth 1-24, death 25 and greater. The CA
exhibited changes between patterns with similar shapes, but
density differences of about 20%. The following pictures
correspond to 139 and 140 iterations: Figure 4(a) and
Figure 4(b). The distribution graphs for neighborhoods of
dead cells, Figure 5(a), and live cells, Figure 5(b) showed
large differences in shape, with the dead distribution having
a strong peak at 0, lower and mostly flat up to about 20
and then dropping, and the live distribution starting to rise
significantly at around 11, peaking just above critical at
about 29 and then dropping but not vanishing even at the
highest possible value.

(c)

Fig. 3: Population distribution around (a) dead cells, (b) live
cells for static pattern

(a)

(b)
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4. Conclusion
Fig. 4: Successive iterations (a, b) , final development of
maximal chaotic case, and (c) Mazelike microbial mat (aka
biovermiculation) on limestone cave wall, Cueva de Villa
Luz, Tabasco, MX. Image approximately 0.5 m across.
Image by P. Boston.

(b)

(a)

In this work we have introduced CA defined in terms
of density parameters. We have observed apparently chaotic
oscillation driven by density distributions. We have found
mathematical relations between characteristic feature size
and shape and the density parameters. The patterns produced
by our simple models closely match the patterned growth
seen in caves. Furthermore, the changing patterns in the final
development of our models closely match the changes over
time of biological patterns in the small number of cases
available.
We conclude that the concepts and tools here described
provide a fruitful approach to the investigation of patterned
growth. We are designing new experiments to validate this
theory in biological systems, and eventually to better categorize feature size and shape in them so that we can establish
changes over time and characteristic time scales. We are
investigating the nature of the oscillations to verify whether
we have a chaotic or strange attractor. We are also continuing work on extracting the CA rules from photographs of
systems, and establishing the correspondence between our
density model and differential equation models.
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From Celestial to Terrestrial:
A New Light on David Kinnebrook’s Systematic Error of
Judgment at Greenwich in 1796
I. Derakhshan, MD
Comprehensive Neurology, Inc., Charleston, WV, USA
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Abstract - In 1794, David Kinnebrook was assigned to be
an assistant to Nevil Maskelyne at Greenwich, the famed
Royal Astronomer of his time. He was dismissed in 1796
because of a discrepancy (a delay) between his markings
and those of Maskelyne, of the times of transit of stars as
they moved across the sky (moving from right to left of the
telescope’s eye-piece). According to the Royal Astronomer,
Kinnebrook was consistently late by 500-800 milliseconds
in marking the times; corresponding to a longitudinal error
of about a quarter-mile at the equator. This article provides
the neuroanatomical basis of such performance delays by
some right handed individuals wired as David Kinnebrook
must have been; i.e. those who are tardy in looking to the
right compared to the left (rather than exhibiting the usual
right visual field advantage in such tasks), or in moving
their ostensibly dominant right hand to commands in a
speeded reaction time paradigm (instead of the usual right
hand advantage).
Keywords: Motor control, laterality, handedness, one-way
callosal traffic circuitry, vision, reaction time.

1 Introduction
David Kinnebrook’s dismissal came to the attention of
Friedrich Wilhelm Bessel, a German astronomer, two
decades later (1816) [1-4]. Armed with further information
that established the consistency of delayed responses by
Kinnebrook compared to Maskelyne, Bessel started a
relentless pursuit of its possible origin(s). He concluded that
the discrepancy between Maskelyne and his assistant must
have been the result of difference in their “personal
equations,” i.e. difference in their manual reaction times to
visual and auditory stimuli involved in ascertaining the
timing of the stellar events as viewed by a telescope.
Although there are no specific references as to the
handedness of the two individuals at the center of the drama,
here it is assumed that both were right handed and that they
noted down the events with the right hand as quickly as the
stars hit the cross wires. Meanwhile, Bessel provided data
for at least one other experienced astronomer, Henrik Johan
Walbeck, who also consistently performed more slowly than

Bessel himself. In the words of Bessel “we ended the
observations with the conviction that it would be impossible
for either of us to observe differently, even by only a single
tenth of a second” [5].

2 Discussion
The question of interest for today’s neuroscientist and
computer science specialist engaged in pattern recognition is
the mechanism underpinning this statistically significant
inter-subject variability and the frequency at which it occurs
among right handers.
The issue remains of interest regardless of the
subsequent technical developments in the field; i.e.
automation of marking process by employing “the American
method,” since there is no escape from seeing (sensing) the
event and marking the time of its occurrence(s) by one or
the other hand, or of attending to stars as they approach
from either side and of moving the eyes to track the signal
across the telescope.

2.1 New Understandings in the Anatomy
of Motor Control
Aiming at the stars by pointing to them with one or the
other hand are events requiring participation of one or both
hemispheres (see below), depending on the hand used for
the purpose or the laterality of the direction of the gaze
involved in tracking the same (see Figure). Contrary to the
common belief, there is unequivocal evidence that
movements occurring on either side of the body, including
those of moving the eyes to the sides (saccades), are
initiated in one hemisphere (hemisphere of action, or the
speech hemisphere) [6-10].
Thus, whereas the major hemisphere is in direct contact
with the opposite side of the body (the pyramidal crossing at
medulla accounting for the contralaterality), the connection
of the command center to the side sitting directly beneath
the command center (i.e. the nondominant side of the body)
occurs via the corpus callosum and the anterior commissure
(see the animated Figure).
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Figure 1. Depiction of the one-way callosal traffic circuitry
underpinning lateralities of motor control in a right hander
as it applies to conjugate eye movements. For a person with
the command center in the right hemisphere the arrow’s
direction shall be in the opposite direction. Real left handers
like Kinnebrook, therefore, require shorter times to move
their eyes to the left as compared to moving them to the
right; hence the discrepancy between him and the Royal
Astronomer Maskelyne. Animated versions of this figure
are available online from Canadian Medical Association
Journal, where original the article on a related subject
appeared in 2005 [6].
The corpus callosum is the largest bridge of fibers
running between the two hemispheres and the directionality
of callosal traffic between the hemispheres determines a
person’s laterality of motor and sensory control [6-10]. It
has been documented that ~ 80% of people are left
hemispheric for action initiation (speech included), the
remainders having a directionality from the right
hemisphere to the left. Considering the binomial distribution
of handedness in the society at 90% right and 10% left
handers, it is evident that one in five are declaring a
handedness opposite to that for which they are actually
wired (see above). Accordingly to the above design, the
nondominant side of the body always lags behind the
dominant in any timing comparison by an interval equal to
the interhemispheric transfer time.
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For a comparison, readers may draw two lines or shapes
simultaneously, with a pencil in each hand. It will be seen
that the hand opposite to the action hemisphere draws the
longer line or the larger geometrical design as the case may
be. Also, the drawings on the dominant side will be neater
as the relevant command signals are less degraded than
those traversing the callosum to reach the nondominant
hemisphere responsible for implementing such commands
[10]. This laterality indexed feature also applies to moving
the eyes to the sides while tracking an object in the sky [6,
11].
To repeat, one in five persons moves the eyes to the left
of the midline faster than moving them to the right side,
regardless of their declared (avowed) handedness. The same
statistics applies to the rapidity with which they can lift their
arms or move their fingers in a speeded reaction time
paradigm [11, 12].
Given the above, it is now possible to state with
confidence that the dismissal of David Kinnebrook was
occasioned by the latter’s wiring as a left-handed subject
despite his ostensible right handedness. This explains the
systematic obligatory lengthening of his responses in
looking to the right whence the stars were arising, as well as
his increased latency in responding with his neurally
nondominant right hand for marking the events. Thus, the
500-800 milliseconds delay mentioned by Maskelyne
corresponded to an unspeeded delay in performance by
Kinnebrook’s nondominant right hand, compared to that of
Maskelyne’s dominant right hand.
In the past this callosally-mediated delay in moving the
nondominant (left) hand has been misinterpreted as
consistent “with the idea that the nondominant side needs to
prepare earlier for the movement” [13]. Although the same
authors recognized the fact that moving the nondominant
side of the body required participation of both hemispheres
[14] they failed to draw the necessary conclusions from their
earlier study; i.e. that all commands are initiated in the
major hemisphere regardless of the laterality of movement
studied [6-10, 14].
At any rate, the fact that lesions affecting anterior
aspect of corpus callosum prolong the abovementioned
intermanual delay is proof as to the existence of
directionality in callosal traffic as delineated above [10].
In the present context, neurologists are familiar with
cases similar to that of Kinnebrook, since the first
description of “crossed aphasia” in 1899; i.e. those
ostensibly right handed subjects who lose their speech and
comprehension after a stroke involving their presumed
nondominant (right) hemisphere in association with
weakness on the left side of the body.
I recently described a similar case after a traumatic
brain injury in a man who claimed being right handed his
entire life [10]. Reaction time studies and bimanual
simultaneous drawings, performed after full recovery,
showed that the patient was in fact wired as a left hander;
with the left hand performing faster than the right by 50 ms

668

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

in a speeded reaction time study, and in drawing longer lines
with the left hand in bimanual simultaneous drawing.
Historically, “exceptions to the rule” similar to the case
of Kinnebrook have at times caused significant confusion in
the field of clinical neurology. The most famous example is
the classic case of the Imperial Counselor described by
Liepmann in 1905 [14]. Instead of the expected loss of
control of his left arm after a lesion affecting the corpus
callosum, the Counselor had lost the control of his
ostensibly dominant right hand. Only after Liepmann
purposely held the right arm, forcing him to use his left (a
task which he performed flawlessly) did it become clear that
the subject was a neural left hander and had lost control over
the movements occurring on his neurally nondominant right
arm.
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Incorporating Gene Ontology in Clustering Time-Course
Gene-Expression Array Data
Jason Andrew Gershman 1
1 Division of Math, Science, Technology , Nova Southeastern University , Fort Lauderdale, FL, USA

Abstract— This paper examines the role of gene ontology
(GO) and using gene ontology data to cluster gene expression data. This is done to provide some biological basis
to the results of clustering genes by expression profiles.
Theoretical results are developed on how to best integrate
gene ontology into the clustering of expression profiles
and these techniques are then applied to real data sets.
Clustering gene expression data using a synthesis of gene
expression and gene ontology not only provides clustering
that has a biologic meaning but also assigns data into
clusters that are statistically sound based on their expression
profiles.

the ratio, on a log base two scale, of the expression under
the stimulation in the experiment verses the expression under
normal conditions, or the alternative experiment. Scientists
use gene-expression microarray data in order to cluster
similarly expressed genes together. Proper clustering of
similarly behaving genes might be the keys to the early
detection or curing of diseases with strong genetic links such
as cancer and heart disease. A cluster of over-expressed or
under-expressed genes might have some insight into genetic
markers that indicate the development of a disease where
early intervention is crucial to the recovery of the patient.

Keywords: gene ontology, gene expression, clustering

Traditional statistical methods exist which can cluster
samples of curves with each curve representing one gene
on the gene chip at different times. The curve data can be
represented by an nxp matrix where each row is one curve
representing a single gene and each column is a time point
where the expression value is measured. This type of data
is obtained by a carefully controlled microarray experiment.
One common use of DNA microarrays is to determine which
genes are activated and which genes are suppressed when
two populations of cells are compared and, in this comparison, every gene will be analyzed simultaneously. One goal
of these experiments is to cluster data by organizing like
curves together in order to make conclusions about the role
of the genes in the process or the organism being analyzed.
Two common clustering algorithms used to cluster timecourse array data are K-means and hierarchical clustering.
These methods are non-parametric. In the past decade,
various model-based methods like MCLUST and SSClust
have been published and advocated to cluster this type
of data in place of non-parametric methods. In this work,
clustering techniques are analyzed for their performance
when incorporating Gene Ontology data into the clustering
procedure.

1. Introduction
1.1 Gene Expression Microarray Data
DNA microarrays, also known as gene chips, are collections of microscopic DNA spots, often representing single
genes, attached to a solid surface. The DNA spots, known
as probes, are arranged in known locations throughout the
microarray. Microarrays are popular because they contain
a large number of genes in a controlled order in a small
space making them useful to survey a large number of genes
simultaneously. Microarrays can be used to assess gene
expression in a single sample or compare gene expression
between two different cell types or two different tissue
samples, such as in healthy and diseased tissue.
The term gene expression is the used to describe the
transcription of information from DNA to messenger RNA
and then into proteins which perform the critical functions of
cells. Cells in an organism contain a full set of chromosomes
and genes but only a small fraction of these genes are
turned on, or expressed, and this expression level differs for
different cell types. Gene expression is a complex and highly
regulated process which responds to environmental stimuli
as well as the changing needs of the cell. These changes
act as an “on/off" switch, to express or not express genes
in the cell at different times, and as a “volume control" that
increases or decreases the level of expression of genes as
necessary.
The changing nature of the expression values measured
against time leads to this data being referred to as timecourse data. The expression values are often expressed as

1.2 Clustering Time-Course Microarray Data

1.3 Gene Ontology Data
The Gene Ontology (often denoted GO) project provides
a controlled vocabulary to describe genes and gene product attributes in any organism. The effort is collaborative
among biological researchers around the world [1]. The
coordinators of the project developed three vocabularies,
called ontologies, that describe gene products, in a speciesindependent manner. The ontologies are defined in terms
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GO node associated with gene “AA045003" (as denoted by
GenBank,) a gene from the human fibroblast data set. The
graph on the right in Figure 1 has two GO child nodes for
the annotation of gene “AA044605," also from the human
fibroblast data set, where the two paths in the graph meet at
the term annotated to “molecular function."

2. Gene Ontology Based Clustering

Fig. 1: Two directed graphs for two genes from the Human
Fibroblast data set using Gene Ontology Molecular Function
annotation

of molecular function (MF) of gene products, their role in
multi-step biological processes (BP), or their cellular components (CC). Ontology files are freely available from the
GO website, http://www.geneontology.org/. The ontologies
provide a vocabulary for representing and communicating
knowledge about the set of genes at hand. The controlled
vocabularies are structured so that a search can be conducted
for a few specific genes or an entire genome for an organism.
Terms from the gene ontology can be used in the annotation of gene products in a biological database. Gene
Ontology annotations are the associations between made
between gene products and the GO terms describing them.
A gene product can be an RNA or protein product encoded
by a gene. A gene product can be annotated to 0, 1, or
multiple nodes of an ontology and annotations of a gene
product in one ontology are independent to its annotation in
other ontologies.
Annotation data can be described through a series of
directed acyclic graphs (DAGs). Mathematically, this is a
graph which is represented by a series of nodes and edges
G = {N, E}. Figure 1 shows two such graphs for the MF
annotation for two genes from the human fibroblast data
set. The node at the head of the arrow is the “parent" of the
node at the tail of the arrow, while the node at the tail is the
“child" of the node at the head of the arrow.
Looking at Figure 1, the head at the bottom of each graph
is “all", the universe of all ontologies. The child of this term
is the term with GO ID “GO:0003674", which corresponds
to the universe of “molecular function," one of the three
ontologies. If the graph is read from bottom to top, the
node at the top of the graph on the left in Figure 1 is the

Different non-parametric and parametric clustering techniques are used to cluster time-course expression profiles.
However, a good number of these methods are criticized in
that most existing methods, including model-based clustering, ignore known gene functions in clustering [2].
This ignorance of the gene functions, when clustering
expression data, is seen as a major flaw in clustering
expression data. The issue as to how best to incorporate
such gene functions in the clustering of RNA transcripts
is tackled here. It is expected that incorporating additional
biological data into clustering of gene expression data will
provide more biologically interpretable clustering as well as
perhaps improved clustering. Questions of how to quantify
a biologic distance between genes and how to incorporate
this biologic information in the clustering models for the
expression data will are discussed and some new ideas
developed and enforced.
Before clustering gene ontology data, a notion of distance
needs to be defined between annotated transcripts in order to
cluster them. Distances between the RNA transcripts as timecourse profiles have been well studied using distance metrics
such as Euclidean distance, Pearson correlation between
curves, or some model based techniques; but, distance as
defined in a gene ontology setting is a fairly new area.
Two methods to compute the distance between annotated
transcripts are based on the “union-intersection" method and
on the “longest path" method. Distance metrics based on
those methods are extended here [3].
Assume that there are subgraphs G1 = {N1 , E1 } and
G2 = {N2 , E2 } both from a larger graph G = {N, E},
where the subgraphs represent two genes coming from
an organism in question (the larger graph.) The distance
between G1 and G2 can be defined in many ways. The
Union-Intersection distance between two subgraphs is:
T
card(N1 N2 )
S
(1)
Dui [G1 , G2 ] = 1 −
card(N1 N2 )
where card denotes the cardinality, or the number of terms
in the set [4]. To illustrate this definition, recall the example
from the previous section in Figure 1. Three nodes appear in
common to both graphs while nine different nodes appear on
either graph. Thus, if these two graphs were labeled H1 , H2 ,
then Dui [H1 , H2 ] = 1 − 39 = 23 . The Union-Intersection
distance becomes larger as number of nodes which appear
in both graphs decrease.
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In Equation 1, Dui [G1 , G2 ] = 1 − Simui where Simui
is a GO induced distance but with Dui [G1 , G2 ] defined for
proper clustering of genes. As it is defined, Dui [G1 , G2 ] has
a range of [0,1] where it is 0 when two subgraphs are identical and 1 when two subgraphs have no common term. This
definition leads to more intuitive clustering based following
the distances matrices of Pearson correlation distances.
The other distance metric used is the longest path distance
between two subgraphs [3]. This idea is based on the notion
of the longest path (LP), which is the longest path of nodes,
in order, among two graphs.
Dlp [G1 , G2 ] = 1 −

LP (G1 , G2 )
max(LP (G, G))

(2)

To illustrate this definition, the longest path shared by the
two graphs in Figure 1 is, from bottom to top, from node
‘all" to node “GO:0003674", to node “GO:0005488" and is
of length 2 edges. For illustrative purposes, assume that G
is the union of the two graphs. The longest path of G1 is
length 3 edges and the longest path of G2 is length 5 edges.
2
= 1 − 25 = 35 .
Hence, Dlp [G1 , G2 ] = 1 − max(3,5)
Sim

lp
In Equation 2, Dlp [G1 , G2 ] = 1 − max(LP (G,G))
where
Simlp is defined as the longest shared path in two subgraphs.
Again, as it is defined, Dui [G1 , G2 ] has a range of [0,1]
where it is 0 when two subgraphs are identical and 1 when
two subgraphs have no common term.
Both of these distances have been constructed such that
0 is the minimum and 1 is the maximum distance between
two subgraphs. The advantages of using the longest path
distance is that it incorporates the whole graph of the
species or genome looked at and references distance in this
comparison. Plus, the order these gene products appear in the
graphs is important. The disadvantage is that the term on the
denominator of Equation 2 is often normalized by different
factors to ease in computation, especially in large genomes.
The union-intersection distance is easier to interpret as it
takes just the two subgraphs into account and it is consistent
in its use. The union-intersection method is the method used
to find distances throughout this work.

3. Clustering using Ontology and Expression Data
3.1 Data
One data set used measured the gene expression levels
during the physiological response of human fibroblasts to
serum using cDNA microarrays for over 8000 genes over
a 24-hour period [5]. This study was designed to test the
growth factors of human fibroblasts in the presence and
absence of fetal bovine serum, which normally provides the
growth factors for proliferation of these cells in culture.
This work identified 517 genes whose expression levels
changed in response to serum stimulation. Of the 517 genes
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in the data set, 211 genes had GO molecular function
(MF) annotation data available. The original analysis on this
data set clustered the data based non-parametric hierarchical
clustering [5]. This clustering found 10 clusters (chosen a
priori using biologic properties of the clusters obtained by
the expression values) using the average linkage method.
Based on the clustering assignments on expression alone,
genes within each cluster were analyzed for similar biologic
roles and function throughout the cell cycle [5]. This earlier
work found patterns from 12 subsets of the genes overall
within the 10 clusters. Some clusters contain subsets with
more than one functional group and others contained no
subsets based on molecular function. These subsets include
functional groups involved in cell cycle and proliferation,
coagulation and hemostasis, tissue remodeling, angiogenesis,
and cholesterol biosynthesis. This analysis was done after the
clustering was performed on the expression data.
The other data set used measured genome-wide mRNA
levels on certain yeast cells (Saccharomyces cerevisiae) [6].
This work measured mRNA on yeast open reading frames
(ORFs) simultaneously over approximately two cell-cycle
periods in a yeast culture synchronized by a factor relative to
reference mRNA from an asynchronous yeast culture. Log
ratios of gene expression were taken every seven minutes
for 119 minutes. For each of the 18 time points, a total of
6300 ORFs were measured, of which nearly 800 genes were
categorized as cell-cycle regulated. Among these genes, a
subset of 433 genes containing no missing values is a popular
gene expression data set.
Using the Saccharomyces Genome Database [7], one can
obtain the gene ontology mappings from the biological
processes (BP) ontology of the GO database for the yeast
data set. Of the 433 curves from the data set, gene ontologic
analysis can be performed on the 398 curves for which
annotations are available.
Thus, in comparison to the human fibroblast analysis in
the previous section, this analysis of gene ontologic data
considers a different ontology (BP verse MF) and has a
larger set of curves for which annotations are available.

3.2 Clustering Genes by Ontology and Expression Separately
Both data sets were clustered using hierarchical clustering
and K-means using Euclidean distance between expression
profiles and the union-intersection distance between ontologic profiles. These cluster assignments were analyzed via
MANOVA techniques. Analyzing just clustering results on
the ontologic data for the human fibroblast and the yeast
data each yielded p < 0.01 and thus the clustering by the
ontologic data set is significant. A MANOVA was performed
on both data sets for expression data. Again, the cluster
assignments for both data sets were significant (p < 0.01)
for prediction of expression value over the time-course. The

3.3.1 Application to the Human Fibroblast Data Set
To cluster the human fibroblast data set, add the scaled
distance matrices of expression and GO data together. The
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A few methods have been proposed to combine gene
ontology and gene expression data to obtain good quality,
and perhaps improved, expression clustering that has biologically meaningful characteristics. While criticizing methods
that cluster expression data without taking GO data into
account, [2] describes a model which uses GO data as
prior information in model-based clustering of the timecourse expression data. First, clustering is done on the GO
data (with expression profiles where the GO information
is unknown lumped into a cluster of genes of unknown
function.) Then, the expression data set is stratified by the
GO clustering and the expression data set is clustered within
each stratum. But, some of the prior clusters are so small that
it makes this clustering difficult to interpret. Also, stratifying
by the GO clustering limits the effectiveness of clustering
the data by the expression values.
One method used in this paper on was first proposed
by [8]. This is not a new clustering method but just a
modification of the distance matrices. This technique takes
distance matrices (on the same scale) for the expression
data and the GO data and simply adds them together to
obtain a “new distance matrix corresponding to distances
used by semi-supervised clustering techniques in Machine
Learning" (396.) These scaled distance matrices are expected
to capture both the differences in expression profiles and in
GO information between the genes.
These new distance matrices can then be used as input
in clustering techniques like hierarchical clustering and Kmeans to cluster the expression values. Again, since evaluation techniques exist for the determination of number of
clusters in K-means, let’s focus the analysis on this clustering
method. To do the scaling of the matrices, scale the elements
of the expression distance matrix so as this matrix has the
same range [0,1] as the GO distance matrix entries and shift
all elements of the expression matrix so that the mean of all
the entries in each matrix is the same.

0
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3.3 Clustering Genes by Ontology and Expression Together

Cluster 1
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specifics of the clustering results are discussed in the next
section.
Thus, both the expression values and the gene ontology
values have a role in clustering gene expression profiles
for both the human fibroblast and the yeast data sets.
The addition of gene ontology information brings biologic
meaning to the expression clustering. More importantly, let’s
examine ways to combine the expression and the GO data
in order to best cluster the expression data into biologically
meaningful clusters.

Gene Expression Values
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Fig. 2: K-means Clusters for the human fibroblast data set
clustered by both expression data and gene ontology; n=211

nine K-means clusters found for the clustering of this new
data matrix are shown in Figure 2.
To obtain the scaled distance matrices, begin with the
distance matrices for the expression data (using Euclidean
Distance) and for the gene ontology data (using the unionintersection method) between all pairs of curves. Next,
scaled the expression distance matrix to have the same range,
[0, 1]) and mean as the GO distance matrix. These two
matrices, which are then of equal weight, are then added
together to get the combined distance matrix from which the
clustering is performed (if desired, unequal weight could be
given to GO or to expression data as desired by the user;
fluctuating values other than 0.5 and 0.5 for the weight of
each data matrix were also examined in this analysis.)
The nine clusters found here are more than six clusters
found in clustering this data set using GO data alone and
fewer than 10 clusters found by clustering this data set by
expression data alone. This clustering in Figure 2 appears
to yield markedly distinct clusters and includes biologic
information. The six expression clusters found by clustering
on the GO data appeared to have some clusters that were
visually similar while the 10 clusters found by clustering
expression data appeared well defined but lacked a biologic
base from gene ontology.
A multivariate ANOVA analysis on the clustering by
adding the GO and expression distance matrices yielded
p < 0.01 for differences between the clusters and an analysis
of the scaled expression and the GO distance matrices on
the combined clustering assignment yielded that both terms
were significant. This indicates that both the expression
and the GO distance were significant factors in determining
final cluster assignment. This is an encouraging result to
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expression and the gene ontology distance curves, properly
scaled, yields a clustering of data curves so as to cluster
expression profiles with a biological base for the clustering
results.
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Fig. 3: K-means Clusters for yeast expression data clustered
by both expression data and gene ontology; n=398

have a biologically based sensible expression clustering. The
average within cluster sums of squares was also lower than it
was by clustering by expression data alone and by clustering
gene ontology data alone for the human fibroblast data.
3.3.2 Application to the Yeast Data Set
Scale the expression and the GO data distance matrices for
the yeast data in the same manner as for the human fibroblast
data. K-means analysis of this combined data matrix yielded
12 clusters as shown in Figure 3.
This combined analysis yielded fewer clusters than the 18
found by clustering the expression data and more clusters
than the 9 clusters found by clustering the expression data
using only GO data. Visually, these clusters appear to
have some of the scale and shape characteristics, including
periodicity, of both clustering by expression data alone
and clustering by GO data alone. A multivariate ANOVA
analysis on the clustering by adding the scaled GO and
expression distance matrices yielded p < 0.01 and both
the expression and GO distances were significant in this
clustering assignment. The sum of within clusters sums
of squares, when penalizing the addition of new clusters
by multiplying by the number of clusters n, was lower in
clustering on this combined distance than when clustering
by expression alone.
Thus, the results of the clustering of the yeast expression
data through this methods confirms the conclusions from
clustering the human fibroblast data set. The addition of the

3.4 Another Clustering using Both Expression
and Ontology
Another method used to cluster the expression and the
GO data together for the yeast data set was using knowledge
guided analysis of microarray data [9]. Here, gene ontology
is the guide to cluster expression profiles which capture
both expression pattern similarities and biological function
similarities. In this method, initially a GO clustering tree
is constructed from GO data from the biological process
ontology. Biological process was chosen as the GO knowledge mapping base because, according to [9], “experimental
studies show that among these three categories of GO
[biological process, molecular function, and cellular component], biological process agrees best with the hypothesis
that similar expressions indicate a functional relationship"
(402.)
These constructed GO clustering trees have more branches
and nodes than than the example annotated DAGs for one
terminal node shown in Figure 1. But, using the gene on
the right side of Figure 1 as an example DAG, there are six
levels rising vertically from level 0 containing “all" to level
5 containing “GO:0003755," with two elements in levels two
and three.
For the gene expression matrix, [9] defined the mean
squared residual score (msrs) to assess the expression correlation of genes within a particular cluster from the clustering
by GO. In the definition of the mrsr for the expression matrix
(G,C), G is the set of genes and C is the set of conditions
(which is time in the case of time-course data.) For a subset
of genes I ⊂ G, the msrs of the submatrix specified by (I,C)
is:
H(I, C) =

1
|I||C|

X

(aij − aiC − aIj + aIC )2

(3)

i∈I,j∈C

where aij is the corresponding element of the expression
matrix, and P
1
aiC = |C|
a ,
P j∈C ij
1
aIj = |I| i∈I aij , and
P
P
1
1
aIC = |I||C|
aij = |I|
i∈I,j∈C
i∈I aiC = aiC =
P
1
j∈C aIj .
|C|
Here, aiC is the average expression level of gene i across
all conditions while aIj is the average expression of time
j for all genes in I, and aIC is the average expression
of all genes in I across all time points in C. A low msrs
indicates strong coherence among elements within a cluster.
The threshold value δ of the msrs to qualify a cluster for
output from this algorithm is one of the user input values in
the C++ implementation of this software.
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For a given δ, for every level or generation of the GO
tree, if the node j is clustered then continue. If the node is
not clustered, all descendant nodes (lower levels on the tree)
are found and the union of all of these genes corresponding
to the descendants of node j are described as gene set I.
Denote the expression profiles of I as matrix B specifying
(I, C) (genes and time-points.) The msrs of B is calculated
and if the msrs is below the threshold, then this cluster is
output and the algorithm goes on to the next level in the GO
tree. If the msrs exceeds the threshold δ, go to the next node
in that level of the GO tree. Further details of this clustering
algorithm are outlined on page 403 of [9].
The final step in this method is to filter any outlier expression patterns within a cluster via average trend constraint
filtering (atcf). For the cluster output from the clustering algorithm described above, the average trend for each adjacent
pair of time-points are calculated producing a trend vector.
After a threshold for the maximum tolerable number of
inconsistent trends is defined, the trend vector of each gene
is compared with the average trend vector. If the difference
between the gene’s average trend and the average trend
vector exceeds the threshold, then the gene is removed from
that cluster.

matrices, show that the clusters obtained by scaled distance
matrices appear to be more homogenous within each cluster.
A Wilcoxon rank-sum test comparing the average within
cluster sums of squares for the clusters from each clustering
method yields p < 0.01 with the clusters from this new
method having statistically higher within cluster sums of
squares (with a one-sided alternative hypothesis.) This result
confirms the visual conclusions that the clusters obtained by
K-means analysis of adding scaled distance matrices yields
more homogenous expression clusters than those clusters
obtained by knowledge guided analysis.
This clustering method finds detailed subsets of expression data which have similar profiles and share the same
biological process. The clustering obtained by adding scaled
distance matrices places equal weight on the GO and the
expression information. But, this knowledge guided analysis
is designed so that more weight is placed within clusters
on similar GO information (biological process in this example) than on the expression profile (where increasing or
decreasing trends at each time-point is a filter for cluster
assignment.)

3.4.1 Application to the Yeast Data Set

This paper introduces gene ontology data and methods
to incorporate GO data into clustering gene expression
data. Clustering expression values by expression data alone
clusters expression data but ignores gene ontology. GO
data yields biologically based clustering and when this
information is combined with the expression data, provides
clustering in which both GO and expression data are significant. This was seen in the analysis of adding scaled distance
matrices and clustering via the K-means algorithm as well
from knowledge guided analysis.
Most of the results incorporating gene ontology data in
this paper were clustered using non-parametric techniques.
Ease of use implementing expression and ontology data together led to the use of K-means and hierarchical clustering.
Further work on this project is underway to incorporate gene
ontology data as covariate data in the model-based clustering
techniques like SSClust and MCLUST so that these methods
cluster on both expression and GO data in a meaningful way.

Clustering the yeast GO and expression data via a C++ implementation of this clustering method [9] proved interesting.
Since, for this clustering technique, not every gene is clustered, and some genes are placed into more than one cluster,
direct comparisons to one-to-one mapping techniques, like
K-means clustering on the addition of scaled data matrices,
are not applicable. But, clustering from knowledge guided
analysis can be used to find particular subsets from the data
set which are clustered by biological process and can be used
to verify subsets of clustering results from other methods.
The full clustering of the yeast data set implementation
of the method of [9] contained 86 clusters from 11 levels
of the GO tree when the algorithm was allowed to run
unconstrained. Unlike the clustering obtained from adding
distance matrices, some of the expression profiles may not
appear in any of the clusters and some expression profiles
appear in multiple expression profiles in multiple levels of
the GO tree. Raising the threshold msrs value to 0.35 along
while requiring each a posteriori cluster to contain at least
10 genes reduces this number of clusters from 86 to 13.
The shared biological process of the genes in each cluster,
the level of the process on the GO tree (lower numbers are
at the root of the GO tree and higher numbers are closer
to terminal nodes) as well as the msrs for that cluster are
given as output. The largest cluster was “metabolism" with
215 genes while no other cluster had more than 65 genes.
Visual comparison of these clusters compared to clusters
in Figure 3, as well as the corresponding mean clusters from
knowledge guided analysis and addition of scaled distance

4. Final Discussions
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Abstract - Analysis of genetic code elements by
matrix methods were taken from the theory of digital
communication and of noise immunity signals. In this
paper we use matrix approach to show that the
degeneracy of the vertebrate mitochondrial code is
agreed with the 8-dimensional algebra, which is
unknown in modern mathematical natural science.
This algebra allows one to reveal hidden peculiarities
of the structure and evolution of the genetic code. We
propose a new algebraic system for investigations in
bioinformatics and mathematical biology including
new approaches for the problem of noise immunity
and classification of genetic molecules.
Keywords: Matrix genetics, genetic code, bipolar
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1. Introduction
The history of science knows ideas about a
special mathematics of living matter. For example, V.
Vernadskiy (1965) [16] has put forward a hypothesis
about a non-Euclidean geometry which dictates
structural specifics of living matter. But how can one
search such a general geometry of biological
organisms if biological forms are so diverse? The fact
that all biological organisms share the same
molecular bases of the genetic code has provided a
great unification of biological objects. Owning to this
fact one may suggest that a special mathematics of
living matter can be solved if the science will
understand mathematical bases of the genetic code.
Recent advances in bioinformatics have even led to a
new definition of life: “Life is a partnership between
genes and mathematics” (Stewart, 1999) [14].
What kind of mathematics dose a genetic code
consist with in partner relations and define the
structure and properties of living matter? This paper
presents data about a 8-dimensional matrix algebra
which is a candidate for a role of such genetic

mathematics (first of all, in questions of the
degeneracy of the genetic code). A discovery of deep
connections of the genetic code with a
multidimensional numeric system and its matrix
algebras is described. These data are obtained on the
basis of matrix approach to ensembles of molecular
elements of the genetic code.

2. The Kronecker Family of
Matrices of the Genetic Code
The mathematical theory of discrete signals uses
Kronecker families of Hadamard matrices (Ahmed,
& Rao, 1975) [1]: Hn+1=[1 1; -1 1](n), where (n)
means the integer Kronecker power. By analogy we
use the Kronecker family of matrix presentations of
the genetic code:
P(n) = [C A; U G](n),

(1)

where C, A, U/T, G are the letters of the genetic
alphabet (cytosine, adenine, uracil/thymine, guanine).
The third Kronecker power of the kernel alphabetical
matrix P = [C A; U G] gives the matrix P (3) = [C A;
U G](3) of the 64 triplets in a certain succession:

Р= С А ;
U G

P(3)=

CCC

CCA

CAC

CAA ACC ACA

AAC

AAA

CCU

CCG

CAU

CAG ACU ACG

AAU

AAG

CUC

CUA

CGC

CGA AUC AUA

AGC

AGA

CUU

CUG

CGU

CGG AUU AUG

AGU

AGG

UCC

UCA

UAC

UAA GCC GCA

GAC

GAA

UCU

UCG

UAU

UAG GCU GCG

GAU

GAG

UUC
UUU

UUA
UUG

UGC
UGU

UGA GUC GUA
UGG GUU GUG

GGC
GGU

GGA
GGG

Fig. 1. The first genetic matrices P(1) and P(3) =[C A;
U G](3) of the Kronecker family
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The genetic matrix [C A; U G](3) on Figure 1
contains 16 sub-quadrants (2x2). Each of these subquadrants contains a subfamily of 4 NN-triplets with
the same letters on their first two positions. An
example of such subfamily is the set of four triplets
CAC, CAA, CAU, and CAG with the same two
letters CA on their first two positions.
The modern genetics has many dialects of the
genetic
code
(see
NCBI’s
website
http://www.ncbi.nlm.nih.gov/Taxonomy/Utils/wprint
gc.cgi). The vertebrate mitochondria genetic code is
considered as the most ancient and the most
symmetrical code among these dialects (FrankKamenetskiy, 1988) [3]. This code has 8 subfamilies
of NN-triplets, the code meaning of which is
determined only by two first positions in each of
these triplets (see Figure 2) whose meaning does not
depend on the third position. We name the triplets,
which belong to such “two-position” subfamilies of
NN-triplets, as “black” triplets). This code has other
8 subfamilies of NN-triplets as well, the code
meaning of which is determined by all its three
positions whose meaning depends on the third
position. We name the triplets, which belong to such
“three-position” subfamilies of NN-triplets, as
“white” triplets). A mosaic of a disposition of the
black and white triplets in the genetic matrix [C A; U
G](3) reflects the specificity of the degeneracy of this
basic dialect of the genetic code. It is unexpected
phenomenological fact that these black and white
triplets are disposed symmetrically in the matrix [C
A; U G](3) which is constructed formally without
taking into account the data about the degeneracy of
the genetic code (Figure 2). Really, the corresponding
black-and-white mosaic (Figure 2) has the following
symmetric features:
The left and right halves of the matrix mosaic
are mirror-anti-symmetric to each other in its
colours: any pair of cells, disposed by mirrorsymmetrical manner in these halves, possesses
the opposite colours.
The black-and-white matrix mosaic has a
symmetric figure of a diagonal cross: diagonal
quadrants of the matrix are equivalent to each
other from the viewpoint of their mosaic.
The genomatrix [C A; U G](3) consists of the
four pairs of neighbour rows with even and
odd numeration numbers in each pair: 0-1, 23, 4-5, 6-7. The rows of each pair are
equivalent to each other from the viewpoint of
a disposition of the same amino acids in their
appropriate cells.
Mosaics of all rows have a meander-line
character, which is connected with
Rademacher functions from the theory of
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discrete signals processing.
CCC
Pro
CCU
Pro
CUC
Leu
CUU
Leu
UCC
Ser
UCU
Ser
UUC
Phe
UUU
Phe

CCA
Pro
CCG
Pro
CUA
Leu
CUG
Leu
UCA
Ser
UCG
Ser
UUA
Leu
UUG
Leu

CAC
His
CAU
His
CGC
Arg
CGU
Arg
UAC
Tyr
UAU
Tyr
UGC
Cys
UGU
Cys

CAA
Gln
CAG
Gln
CGA
Arg
CGG
Arg
UAA
Stop
UAG
Stop
UGA
Trp
UGG
Trp

ACC
Thr
ACU
Thr
AUC
Ile
AUU
Ile
GCC
Ala
GCU
Ala
GUC
Val
GUU
Val

ACA
Thr
ACG
Thr
AUA
Met
AUG
Met
GCA
Ala
GCG
Ala
GUA
Val
GUG
Val

AAC
Asn
AAU
Asn
AGC
Ser
AGU
Ser
GAC
Asp
GAU
Asp
GGC
Gly
GGU
Gly

AAA
Lys
AAG
Lys
AGA
Stop
AGG
Stop
GAA
Glu
GAG
Glu
GGA
Gly
GGG
Gly

Fig. 2. The representation of the genomatrix [C A; U
G](3) for the case of the vertebrate mitochondrial
genetic code. The matrix contains 64 triplets and 20
amino acids with their traditional abbreviations. Stopcodons are marked as “Stop”.
This symmetrical character of the degeneracy of
the genetic code, which is presented by the matrix
mosaic, is the key for many secrets of the genetic
code. Let us investigate two initial questions: 1) what
kind of mathematics has partnership relations with
such mosaic matrix of the genetic code? In other
words, whether is it possible to find the substantial
mathematical justification to such a choice of nature?
2) Whether is this character of the degeneracy of the
genetic code accidental (F. Crick (1968) [2] has
stated a hypothesis of "the frozen case”, i.e. an
accidental character of this degeneracy)?
This alphabetic algorithm of digitization of 64
triplets is based on utilizing the two following binaryoppositional attributes of the genetic letters A, C, G,
U/T: “purine or pyrimidine” and “2 or 3” hydrogen
bonds. It uses also the famous thesis of molecular
genetics that different positions inside triplets have
different code meanings (Konopelchenko, & Rumer,
1975) [9]. In view of this “alphabetic” algorithm, the
transformation of the genomatrix [C A; U G] (3) into
the matrix YY8 (Figure 3) is not an abstract and
arbitrary action at all, but such a transformation can
be utilized by bio-computer systems of organisms
materially. By this alphabetic algorithm each triplet is
read in the following way:
Two first positions of each triplet are filled
out by the symbol “α” instead of the
complementary letters C and G on these
positions and by the symbol “β” instead of
the complementary letters A and U
correspondingly;
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The third position of each triplet is filled out
by the symbol “γ” instead of the pyrimidine
(C or U) on this position and by the symbol
“δ” instead of the purine (A or G)
correspondingly;
The triplets, which have the letters C or G in
their first position, receive the sign “-“ in
those cases only for which their second
position is occupied by the letter A. The
triplets, which have the letters A or U on
their first position, receive the sign “+” in
those cases only for which their second
positions is occupied by the letter C.
For example, the triplet CAG receives the
symbol “-αβδ”, because its first letter C is
symbolized by “α”, its second letter A is symbolized
by “β”, and its third letter G is symbolized by “δ”.
This triplet possesses the sign “-” because its first
position has the letter C and its second position has
the letter A. One can see that this algorithm recodes
all triplets from the traditional alphabet С, А, U, G
into the new alphabet α, β, γ, δ. In the result, each
triplet receives one of the following 8 expressions:
ααγ = x0, ααδ = x1, αβγ = x2, αβδ = x3, βαγ = x4, βαδ =
x5, ββγ = x6, ββδ = x7 (Figure 3). We will suppose that
the symbols “α”, “β”, “γ”, “δ” are real numbers. This
algorithm transforms the initial symbolic matrix [C
A; U G](3) into the numeric matrix YY8 with the 8
coordinates x0, x1, x2, x3, x4, x5, x6, x7. We shall name
these matrix components x0, x1,…, x7, which are real
numbers, as the “YY-coordinates”.
0

1

2

3

4

5

6

7

CCC
ααγ
x0
CCU
ααγ
x0
CUC
αβγ
x2
CUU
αβγ
x2

CCA
ααδ
x1
CCG
ααδ
x1
CUA
αβδ
x3
CUG
αβδ
x3

CAC
-αβγ
-x2
CAU
-αβγ
-x2
CGC
ααγ
x0
CGU
ααγ
x0

CAA
-αβδ
-x3
CAG
-αβδ
-x3
CGA
ααδ
x1
CGG
ααδ
x1

ACC
βαγ
x4
ACU
βαγ
x4
AUC
-ββγ
-x6
AUU
-ββγ
-x6

ACA
βαδ
x5
ACG
βαδ
x5
AUA
-ββδ
-x7
AUG
-ββδ
-x7

AAC
-ββγ
-x6
AAU
-ββγ
-x6
AGC
-βαγ
-x4
AGU
-βαγ
-x4

AAA
-ββδ
-x7
AAG
-ββδ
-x7
AGA
-βαδ
-x5
AGG
-βαδ
-x5

UCC
βαγ
x4
UCU
βαγ
x4
UUC
-ββγ
-x6
UUU
-ββγ
-x6

UCA
βαδ
x5
UCG
βαδ
x5
UUA
-ββδ
-x7
UUG
-ββδ
-x7

UAC
-ββγ
-x6
UAU
-ββγ
-x6
UGC
-βαγ
-x4
UGU
-βαγ
-x4

UAA
-ββδ
-x7
UAG
-ββδ
-x7
UGA
-βαδ
-x5
UGG
-βαδ
-x5

GCC
ααγ
x0
GCU
ααγ
x0
GUC
αβγ
x2
GUU
αβγ
x2

GCA
ααδ
x1
GCG
ααδ
x1
GUA
αβδ
x3
GUG
αβδ
x3

GAC
-αβγ
-x2
GAU
-αβγ
-x2
GGC
ααγ
x0
GGU
ααγ
x0

GAA
-αβδ
-x3
GAG
-αβδ
-x3
GGА
ααδ
x1
GGG
ααδ
x1

0
x0
x0
x2
YY8 = x2
x4
x4
-x6
-x6

1
x1
x1
x3
x3
x5
x5
-x7
-x7

2
-x2
-x2
x0
x0
-x6
-x6
-x4
-x4

3
-x3
-x3
x1
x1
-x7
-x7
-x5
-x5

4
x4
x4
-x6
-x6
x0
x0
x2
x2

5
x5
x5
-x7
-x7
x1
x1
x3
x3

6
-x6
-x6
-x4
-x4
-x2
-x2
x0
x0

7
-x7
-x7
-x5
-x5
-x3
-x3
x1
x1

Fig. 3. The result of the algorithmic transformation of
64 triplets in the genomatrix [C A; U G] (3) into the
numeric coordinates x0, x1, …, x7, which are based on
the four symbols “α”, “β”, “γ”, “δ”. The bottom
matrix YY8 has only the numeric coordinates from
the upper matrix. Its black (white) cells contain
positive (negative) values of the YY-coordinates.
Numeration of columns is shown.

3. The Analysis of the Algebraic
Properties of the Matrix YY8
A decomposition of the 8-parametric matrix YY8
(Figure 3) leads to its presentation as a sum of the 8
basic matrices, each of which is connected with one
of the coordinates x0, x1, x2, x3, x4, x5, x6, x7. Let us
symbolize any basic matrix, which is related to any
of YY-coordinates x0, x2, x4, x6 with even indexes, by
the symbol fk (where “f” is the first letter of the word
“female” and k = 0, 2, 4, 6). And let us symbolize any
matrix, which is related to any of YY-coordinates x1,
x3, x5, x7 with odd indexes, by the symbol ms (where
“m” is the first letter of the word “male” and s = 1, 3,
5, 7). In this case one can present the matrix YY8 by
the expression (2),
YY8 =
x0*f0+x1*m1+x2*f2+x3*m3+x4*f4+x5*m5+x6*f6+x7*m7
(2)
The important and unexpected fact is that the set
of these 8 basic matrices f0, m1, f2, m3, f4, m5, f6, m7
forms the closed set relative to multiplications: a
multiplication between any two matrices from this set
generates a matrix from this set again. The table on
Figure 4 presents the results of multiplications among
these 8 matrices. The result of multiplying any two
basic elements, which are taken from the left column
and the upper row, is shown in the cell on the
intersection of its row and column (for example, in
accordance with this multiplication table f2*m5 = m7).
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f0
m1
f2
m3
f4
m5
f6
m7

f0
f0
f0
f2
f2
f4
f4
f6
f6

m1
m1
m1
m3
m3
m5
m5
m7
m7

f2
f2
f2
- f0
- f0
f6
f6
- f4
- f4

m3
m3
m3
-m1
-m1
m7
m7
- m5
- m5

f4
f4
f4
- f6
- f6
f0
f0
- f2
- f2

m5
m5
m5
- m7
- m7
m1
m1
- m3
- m3

f6
f6
f6
f4
f4
f2
f2
f0
f0

m7
m7
m7
m5
m5
m3
m3
m1
m1

Fig. 4. The multiplication table of the basic matrices
f0, m1, f2, m3, f4, m5, f6, m7 of the matrix YY8 from
Figures 3 and equatoin (2).
The multiplication table on Figure 4 defines the
genetic 8-dimensional algebra YY8. Multiplication of
any two members of the octet algebra YY8 generates a
new member of the same algebra. This situation is
similar to the situation of real numbers (or of
complex numbers, or of hypercomplex numbers)
when multiplication of any two members of the
numeric system generates a new member of the same
numerical system. In other words, the expression
YY8=x0*f0+x1*m1+x2*f2+x3*m3+x4*f4+x5*m5+x6*f6
+x7*m7 is some kind of 8-dimensional numbers
(“octet genonumber”). We mark this algebra and
these octet genonumbers by the same symbol YY8
accordingly.
One should pay special attention to the cells on
the main diagonal of the multiplication table (Figure
4). These cells contain squares of the basic elements.
In cases of hypercomplex numbers these diagonal
cells contain elements “±1” typically. In our case
these diagonal cells contain no real units at all but all
diagonal cells are occupied by elements “±f0” and
“±m1”. Thereby the set of the 8 basic matrices f0, m1,
f2, m3, f4, m5, f6, m7 is divided into two equal subsets
by criterion of their squares. The first subset consists
of elements with the even indexes: f0, f2, f4, f6. The
squares of members of this f0-subset are equal to ±f0
always. The second subset consists of elements with
the odd indexes: m1, m3, m5, m7. The squares of
members of this m1-subset are equal to ±m1 always.
The basic element f0 possesses all properties of the
real unit in relation to the members of the f0-subset:
f02 = f0, f0*f2=f2*f0=f2, f0*f4=f4*f0=f4, f0*f6=f6*f0=f6.
But the element f0 does not possess the commutative
property of real unit in relation to the members of the
m1-subset: f0*mp ≠ mp*f0, where р = 1,3,5,7. For this
reason f0 is named “quasi-real unit from the f0subset”.
The basic element m1 possesses all properties of
the real unit in relation to the members of the m1subset:
m12=m1,
m1*m3=m3*m1=m3,
m1*m5=m5*m1=m5, m1*m7=m7*m1=m7. But the
element m1 does not possess the commutative
property of real unit in relation to the members of the

f0-subset: m1*fk ≠ fk*m1, where k = 0,2,4,6. For this
reason m1 is named “quasi-real unit from the m1subset”.
The principle “even-odd” exists in this algebra
YY8. Really all members of the f0-subset and their
coordinates х0, х2, х4, х6 have even indexes and they
are disposed in columns with the even numbers 0, 2,
4, 6 in the matrix YY8 and in its multiplication table
as well. All members of the m1-subset and their
coordinates х1, х3, х5, х7 have the odd indexes and
they are disposed in columns with the odd numbers 1,
3, 5, 7 in the matrix YY8 (Figure 3) and in its
multiplication table (Figure 4) as well. In accordance
with Pythagorean and Ancient-Chinese traditions, all
even numbers are named “female” numbers or Yinnumbers, and all odd numbers are named “male”
numbers or Yang-numbers. From the viewpoint of
this tradition, the elements f0, f2, f4, f6, х0, х2, х4, х6
with the even indexes play the role of “female”
elements or Yin-elements, and the elements m1, m3,
m5, m7, x1, x3, x5, x7 with the odd indexes play the
role of “male” or Yang-elements. We name this
algebra YY8 as bipolar algebra. But it can be named
also as the octet Yin-Yang-algebra, or the even-oddalgebra, or the bisex-algebra. Such algebra, which
possesses two quasi-real units and no one real unit,
gives new effective possibilities to model binary
oppositions in biological objects at different levels,
including sets of triplets, amino acids, male and
female gametal cells, male and female chromosomes,
etc.
In comparison with hypercomplex numbers,
which have the real unit in the set of their basic
elements, bipolar numbers YY8 are the new category
of numbers in the mathematical natural sciences in
principle. In our view, knowledge of this category of
numbers is necessary for deep understanding of
biological phenomena, and, perhaps, it will be useful
for mathematical natural sciences in the whole.
Mathematical theory of bipolar numbers gives new
formal and conceptual apparatus to model
phenomena of reproduction and self-organization in
living nature.
It can be demonstrated easily that bipolar algebras
are the special generalization of the algebras of
hypercomplex numbers in the form of “doublehypercomplex” numbers. Bipolar numbers become
the appropriate hypercomplex numbers in those cases
when all their female (or male) coordinates are equal
to zero. Traditional hypercomplex numbers can be
represented as a “mono-polar” half of appropriate
bipolar numbers. The algorithm of such
generalization is described in (Petoukhov, 2008a,b;
Petoukhov & He, 2009) [12, 13, 14]. We denote
bipolar numbers by double letters (for example, YY)
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to distinguish them from traditional (complex and
hypercomplex) numbers.
If all male coordinates are equal to 0 (x1 = x3 = x5 =
x7 = 0), the bipolar numbers YY8 become the Yingenoquaternions Gf = x0*f0 +x2*f2 +x4*f4 +x6*f6. If all
female coordinates are equal to 0 (x0 = x2 = x4 = x6 =
0), the numbers YY8 become the Yanggenoquaternions Gm = x1*m1+x3*m3+x5*m5+ +x7*m7.
These genetic quaternions Gf and Gm have the
identical multiplication tables, which differ from the
multiplication table of Hamilton quaternions
(Petoukhov, 2008a,b; Petoukhov & He, 2009) [12,
13, 14]. Each of these genoquaternions corresponds
to a case of an anisotropic space that provokes
heuristic associations with anisotropic features of
biological phenomena. Taking these facts into
account, the octet genonumbers YY8 can be named
“the double genetic quaternions”. It causes heuristic
associations with a double helix of DNA, which is
the bearer of genetic information. Just as the structure
of three-dimensional physical space corresponds to
the algebra of quaternions by Hamilton, so the
structure of the genetic code corresponds to the
algebra of the double genoquaternions.

4. The Structural Analogies
Between the Genomatrix and the
Bipolar Matrix YY8
The main interest of bioinformatics to the octet
bipolar algebra is connected with a possibility of its
use as an adequate model of the structure of the
genetic code. This possibility depends on structural
coincidences between the bipolar matrix YY8 and the
genetic matrix [C A; G U](3). A list of such nontrivial coincidences includes the following ones:
1. The first coincidence: The black-and-white
mosaics of the bipolar matrix YY8 and the
genetic matrix [C A; G U](3) are identical. (By
an unknown reason, nature has divided the set of
the 64 genetic triplets into two subset of 32 black
triplets and 32 white triplets, which are disposed
in the cells of 32 positive coordinates and 32
negative coordinates of the bipolar matrix YY8).
2. The second coincidence: In the bipolar matrix
YY8, the pairs of the adjacent rows 0-1, 2-3, 4-5,
6-7 are identical to each other by the assortment
and the disposition of numeric coordinates х0, х1,
х2, х3, х4, х5, х6, х7. In the genetic matrix [C A; G
U](3), the same pairs of adjacent rows 0-1, 2-3, 45, 6-7 are identical each to each other by the
assortment and the disposition of amino acids
and stop-codons.

3.

The third coincidence: In the bipolar matrix YY8,
the female coordinates x0, x2, x4, x6 occupy the
columns with the even numbers 0, 2, 4, 6, and
the male coordinates x1, x3, x5, x7 occupy the
columns with the odd numbers 1, 3, 5, 7. In the
genetic matrix [C A; G U](3), the triplets with
pyrimidine C or U on their third positions
occupy the columns with the even numbers 0, 2,
4, 6; and the triplets with purine A or G on their
third positions occupy the columns with the odd
numbers 1, 3, 5, 7.
4. The fourth coincidence: In the bipolar matrix
YY8, one half of the quantity of the numeric
coordinates (x0, x1, x2, x3) exists in the two
quadrants along the main diagonal only; the
second half of the numeric coordinates (x4, x5, x6,
x7) exists in the two quadrants along the second
diagonal only. In the genetic matrix [C A; G
U](3), one half of kinds of amino acids exists in
the two quadrants along the main diagonal only
(Ala, Arg, Asp, Gln, Glu, Gly, His, Leu, Pro,
Val); the second half of kinds of amino acids
exists in the two quadrants along the second
diagonal only (Asn, Cys, Ile, Lys, Met, Phe,
Ser,Thr, Trp, Tyr).
5. The fifth coincidence: In the bipolar matrix YY8,
those six kinds of different numeric matrices are
generated by means of some kinds of
permutations of columns and rows of this matrix,
each of which possesses its own kind of the 8dimensional bipolar algebra.
In the genetic matrix [C A; G U](3), the same six
kinds of permutations of columns and rows fit the six
possible kinds of permutations of positions inside the
64 triplets (1-2-3, 2-3-1, 3-1-2, 3-2-1, 2-1-3, 1-3-2),
which lead to the new genomatrices with symmetric
and interrelated mosaics (this fifth coincidence is
explained additionally in the works (Petoukhov,
2008; Petoukhov & He, 2009).
One should note that the black cells of the
genomatrix [C A; U G](3) contain the black NNtriplets, which encode the 8 high-degeneracy amino
acids(Ala, Arg, Gly, Leu, Pro, Ser, Thr, Val), each of
which is encoded by 4 triplets or more in the
considered basic dialect of the genetic code. The
white cells of this genomatrix contain the white NNtriplets, which encode the 12 low-degeneracy amino
acids (Asn, Asp, Cys, Gln, Glu, His, Ile, Lys, Met,
Phe, Trp, Tyr), each of which is encoded by 3 triplets
or less correspondingly.
The described structural coincidences of two
matrices YY8 and [C A; U G](3) allow one to consider
the octet bipolar algebra YY8 as the adequate model
of the structure of the genetic code. One can postulate
such an algebraic model and then deduce some
peculiarities of the genetic code from this model.
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These results of the comparison analysis give the
following answer to the question of mysterious
principles of the degeneracy of the vertebrate
mitochondrial genetic code from the viewpoint of the
proposed algebraic model. The matrix disposition of
the 20 amino acids and the stop-signals is determined
by algebraic principles of the matrix disposition of
the YY-coordinates. Moreover the disposition of the
32 black triplets and the high-degeneracy amino acids
in this basic dialect of the genetic code is determined
by the disposition of the YY-coordinates with the
sign “+”. And the disposition of the 32 white triplets,
the low-degeneracy amino acids and stop-signals is
determined by the disposition of the YY-coordinates
with the sign “-”. One can recall here that the division
of the set of 20 amino acids into the two sub-sets of
the 8 high-degeneracy amino acids and the 12 lowdegeneracy amino acids is the invariant rule of all the
dialects of the genetic code practically (Petoukhov,
2005). The described structural coincidences between
both matrices do not exhaust the interconnections
between the genetic code systems and the bipolar
matrices.

5. Matrix Genetics and
Applications of the Genetic Bipolar
Algebra
The genetic systems from the viewpoint of
matrix analysis are united under the general name
“matrix genetics”. This new scientific field is
developed intensively and it has interesting results
already in works (He, 2001, 2003a, 2003b; He,
Petoukhov, 2007; He, Petoukhov, Ricci, 2004;
Petoukhov, 2001, 2005, 2008a, 2008b; Petoukhov,
He, 2009; etc.) [4, 5, 6, 7, 8, 10, 11, 12, 13, 14].
The discovery of the genetic bipolar algebra
gives new possibilities for structural analysis of
genetic systems. For example this matrix algebra
allows revealing of internal structure in the set of 20
amino acids: this set appears to be structured by
means of splitting into subsets of "female" amino
acids, "male" amino acids and "androgynous" amino
acids from the viewpoint of the bipolar matrix YY8
(Fig. 2). Amino acid is named accordingly as a
female amino acid if it corresponds only to YYcoordinates with even indexes x0, x2, x4, x6 (that are
Yin-coordinates) in the bipolar matrix YY8. One can
see from Figure 2 that female amino acids are Asn,
Asp, Cys, His, Ile, Phe, Tyr. Amino acid is named
accordingly as a male amino acid if it corresponds
only to YY-coordinates with odd indexes x1, x3, x5, x7
(that are Yang-coordinates) in the bipolar matrix

YY8. The male amino acids are Glu, Lys, Met, Gln,
Trp. Amino acids is named as an androgynous if it
corresponds simultaneously to YY-coordinates with
even indexes and with odd indexes. The androgynous
amino acids are the 8 high-degeneracy acids Ala,
Arg, Gly, Pro, Thr, Val, Ser, Leu. The knowledge of
internal structure of the set of 20 amino acids is
useful for analysis of proteins structures and
evolution of dialects of the genetic code (Petoukhov,
2008a; Petoukhov, He, 2009) [12, 14]. For example,
all kinds of proteins can be classified as female, male
of androgynous proteins depend on the fact what kind
of amino acids (female, male or androgynous)
dominates in a protein. Specificity of interactions
between proteins of various sexual types is a new
interesting problem for investigations.
The analysis of evolution of dialects of the
genetic code from the viewpoint of the genetic
bipolar algebra demonstrates that this evolution is a
struggle between male and female beginnings, which
reminds of the social struggle between male and
female sexes (matriarchy and patriarchy, etc.). In a
course of evolution, the “female” amino acids begin
to occupy cells with the “male” amino acids in the
genomatrix [C A; U G](3) (Figure 2) but male triplets
gain revenge in termination functions: they not only
encode all stop-signals in all dialects, but they
withdraw the start-codon function from female
triplets in some extent. One can think that two – male
and female – sexes of biological organisms have
arisen not from a “white space” but they have
predecessors at the molecular-genetic level
(Petoukhov & He, 2009) [14]. Plato had formulated
the famous statement about a congenital aspiration of
each person to look for the second half. From the
viewpoint of our “bisex” or bipolar conception,
which is based on the genetic bipolar algebra, Plato's
statement can be transferred into the world of those
congenital properties of genetic molecules which are
reflected in their search of their second halves.
One of interesting examples of such searching is
given by histones. In eukaryote cells, filaments of
DNA are coiled around nucleosomes, each of which
is a shank consisting of the histones of the four types:
H2A, H2B, H3 and H4. This set of four types is
divided by nature into the pairs of one-specific
histones. The histones H2A and H2B possess the
important possibility to create the pair just one with
another on the basis of their mutual revealing and
mutual “attraction” in a molecular bouillon (by
analogy with a male and a female individuals of one
species among macroscopic biological organisms).
Another pair consists of the histones H3 and H4,
which possess the similar possibility to create the
pairs just one with another on the analogical basis of
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their mutual revealing and mutual “attraction” in
molecular bouillon. Each nucleosome is formed in
accordance with the principle of the multi-level
recognition defined by the structures of the histones.
In the first step, the spiral domains cooperate among
themselves. As a result, pairs (dimers) arise: one pair
H3-H4 and two pairs H2A-H2B. In the second step,
two first dimers form the pair association of the
following level of complexity: the tetramer arises
with two pairs H3-H4. In the third step, this tetramer
forms a pair association of the higher level with two
pairs H2A-H2B. As a result, the octamer of the
histones arises (http://www.ncbi.nlm.nih.gov). All
these searches and copulations of one-specific
histones into pairs, and then into new pairs from
previous pairs occur in a molecular bouillon with a
huge bedlam of biological molecules of other kinds
and their splinters. It occurs despite of effects of
electric shielding and other noise circumstances
there. In our view, taking into account the described
facts, one can put forward the working hypothesis
about existence of "a sexual intermolecular
attraction" (or a "bipolar attraction") between genetic
one-specific elements as a new biophysical factor of
a quantum mechanical sense. This new hypothetical
factor or principle is presented, first of all, as an
explanation of molecular-genetic phenomena of
search the one-specific pair partner by multi-atomic
bio-molecules to create a specific pair in complex
conditions of multi-component bullion. The genetic
bipolar algebra can be useful to model and
investigate such a factor. This factor can have a force
character and/or information character. It does not
reject the existence of other known factors (for
example, interactions of electric charges and so
forth), but it is additional to them. Of course, it would
be wrong to extend an action of this factor of "a
sexual intermolecular attraction", which is proposed
in connection with phenomena of assembly of pairs
of one-specific multi-atomic molecular elements
(multi-atomic quantum mechanical “modules”), into
the field of all aspects of molecular-genetic
organization.
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Abstract—Gene co-expression networks are widely used for
describing the pairwise relationships between gene transcripts.
Typically, these methods use undirected networks to describe statistical association between genes. Recently several authors have
proposed methods for constructed directed networks encoding
causal information. For example, the Network Edge Orienting
(NEO) method and software by Aten et al (2008 BMC Systems
Biology 2:34) addresses the challenge of inferring unconfounded
and directed gene networks by integrating microarray-derived
gene expression data with genetic marker data and Structural
Equation Model (SEM) comparison. The networks are oriented
by considering each edge separately, thus reducing error propagation. Local SEM-based Edge Orienting (LEO) scores that
compare the fit of several competing causal graphs are used
to summarize the genetic evidence in favor of a given edge
orientation.
Here we use simulation and real data studies to compare full
information methods (based on multivariate normal likelihood)
to limited information methods which consider only one edge
at a time. Full information methods are more efficient than
limited information methods but they tend to proliferate errors
in the network reconstruction and are hence less robust. We
discuss scenarios when limited information methods may be more
appropriate, for example when dealing with noisy gene expression. Further, we discuss describing the topology of directed
networks. We argue that causal hub nodes, i.e. variables that
causally affect many other variables, can be robustly defined in
reconstructed networks even if the underlying data are very noisy.
Our simulations involve small to moderately sized networks.

I. I NTRODUCTION
Gene co-expression networks are widely used for describing
the pairwise relationships between gene transcripts [1]–[3].
The most common methods use measures of statistical association such as correlation or mutual information that result in
undirected networks. Undirected association networks provide
no information about underlying causal relationships. Recently
several authors have proposed methods for constructing directed networks encoding causal information [4] by integrating
genetic, genomic, and clinical trait data, for example [5]–[7].
In this work we focus on methods that utilize a distinguished
set of experimental variables as causal anchors. Causal anchors
are variables that a priori cannot be affected by other variables
in the network. For example, when studying causal effects
among gene expressions and clinical phenotypes, genotypes
are used as causal anchors because, according to the central
dogma of biology, the content of an organism’s genes is set

at meiosis and cannot be influenced later in life by gene
expression or clinical traits.
Of course, genotypes can be used as causal anchors only
if they are available, which is often not the case. Various
methods have been proposed that aim to reconstruct aspects
of the directed network without causal anchors, for example,
to quantify conditional association, that is association of two
network nodes (say, gene expression profiles) after conditioning on all other nodes in the network [8]. A large literature
exists on the related subject of Bayesian Networks [9], [10].
II. F ULL INFORMATION VS .

RESTRICTED INFORMATION
MODELS

A major distinction can be drawn between, on the one hand,
full information maximum likelihood methods that consider
the full network (all edges) at once, and, on the other hand,
restricted information methods that consider each edge in
a network in isolation from the rest of the network. The
main theoretical advantage of full-information methods is
that they should be capable of distinguishing a true causal
relationship from an apparent relationship that may be due
to other intermediate variables. In practice, however, fullinformation methods are typically more sensitive to noise in
the data, particularly when there are groups of vectors in
the analyzed data that are highly collinear (in other words,
correlated). For example, when analyzing gene co-expression
data, the presence of groups of highly correlated genes (we call
such groups modules) often makes full-information analysis
difficult.
On the other hand, restricted information models study each
edge in the network separately. Such marginal analysis is much
more robust but cannot distinguish true causal relationships
from relationships mediated by intermediate variables. This
may not always be as serious of a drawback as it seems. For
example, in a laboratory setting one may wish to know whether
knockdown or over-expression of a particular gene affects a
clinical trait such as body weight. By its very nature such
an experiment studies a marginal causal association between
the gene and the trait, because there is usually no way to
control all other gene expressions. Modeling the outcome of
such experiments may be best accomplished using a restricted
information method.
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In the following we briefly review one representative of
the restricted information methods, namely the Network Edge
Orienting (NEO) approach presented in [5], and one representative of the full information methods, the QTL-Directed
Dependency Graphs (QDG) [7]. The shrinkage estimator of
partial correlations implemented in the GeneNet package [8]
is also a full information method. Other works discussing
restricted-information methods include, for example, [11],
[12].
A. Review of Network Edge Orienting
The Network Edge Orienting uses causal anchors such as
genotype data to test candidate causal models connecting
two variables, denoted A and B. Using Structural Equations
Models (SEM), several possible causal models are evaluated
and their p-values are compared. The evidence for each of
the possible causal models is summarized using the Local
Edge Orienting (LEO) score. For example, in Single Marker
Analysis one uses a single causal anchor variable M and tests
the following causal models (→ denotes “causally affects”):
model 1, M → A → B; model 2, M → B → A; model
3, A ← M → B, model 4, M → A ← B; and model 5,
M → B ← A. Denoting the model probabilities p1 , p2 , ..., p5 ,
the LEO score of model 1 is
p1
.
(1)
LEO(A → B) = log10
max(p2 , p3 , p4 , p5 )
Thus, the LEO score indicates how well the proposed model
fits the data relative to the other considered models. Aten et
al. have proposed a LEO score threshold of 1 to consider the
evidence of the corresponding model “strong”, although other
authors have also used lower thresholds. In addition to the
LEO score, several other local and global model fitting indices
are calculated by the NEO software and can be used to further
evaluate each proposed model. For example, the model fitting
p-value for an accepted model should be above 0.05, and the
root mean square error of approximation (RMSEA) should
be below 0.05. The NEO framework and software have been
used to identify candidate causal genes for familial combined
hyperlipidemia [13] and in mouse genetics [14], [15].
B. Review of QTL-Directed Dependency Graphs
The QTL-Directed Dependency Graphs (QDG) method [7]
is an approach for building causal networks among phenotypes
(for example, clinical traits or gene expression traits). QDG
starts by building an undirected graph that infers associations
among phenotypes, using either an undirected dependency
graph (UDG) [16], [17], or a skeleton derived from the
PC (Peter-Clark) algorithm [18]. Next, the method uses a
LOD score to determine causal direction for every edge
that connects a pair of phenotypes, conditional on connected
QTL. The method differs from the PC algorithm, which first
infers a graph skeleton (with the “PC-skeleton algorithm”) and
then uses partial correlations among phenotypes to infer the
direction of some, but not all, edges of the inferred skeleton. The QDG approach can include feedback loops, which
are common in biology. This integrated approach overcomes

serious limitations of both the genetical genomics network
methods and the PC algorithm.
III. ROBUST SUMMARY MEASURE OF CAUSAL EFFECT IN
NETWORK : UPSTREAM CAUSAL CONNECTIVITY
If the network of studied nodes is relatively large (more
than a few nodes), it may be desirable to form a summary
measure for each node that indicates how many other nodes
are causally affected by the node. In a general network, one
uses the connectivity measure for each node that counts how
many other nodes the node is connected to. By analogy, in
a causal network we define the upstream causal connectivity
kiupstr of node i as the number of other nodes that are causally
affected by node i.
Nodes with high causal connectivity affect a (relatively)
large part of the network and we call them causal hubs. In
many applications, for example in studies of gene networks,
such nodes (genes) may be natural targets of further, more
focused investigations.
Whether one uses full or limited information methods,
causal inference tends to be strongly affected by noise and
other, often non-biological, sources of experimental variation.
In the following sections we show in simulations and in real
data studies that the relatively low sample sizes commonly
encountered in gene expression profiling studies make causal
inference prone to relatively poor accuracy and reproducibility.
While we do not address the stability of the underlying
causal inference methods with respect to noise, we show that
upstream causal connectivity, being an aggregate of the individual causal relationships, is more robust and reproducible.
IV. S IMULATION STUDIES
Simulation studies provide a “controlled test environment”
in which the true outcome is known and data can be simulated
with simple, known characteristics. We simulate causal networks with a single anchor and a variable number of nodes that
ranges between 6 and 200. We vary the number of observations
(samples) between 40 and 300. For each combination, we
randomly generate multiple acyclic directed graph models,
simulate normally distributed data that follow the model, and
use the simulated data as input to NEO, GeneNet, and QDG
algorithms. The causal effects vary between −1 and 1, and
noise is normalized to have mean 0 and variance 1.
In all simulated scenarios we find qualitatively the same
results. Estimates of causal effects using full-information
methods are more accurate than limited-information methods,
even when the number of variables is substantially larger
than the number of observations (samples). In panels A–C
of Figure 1 we illustrate this fact using a comparison of
NEO, GeneNet, and QDG results when applied to a simulated
model involving 100 variables with 40 observations. In panels
D–F we provide evidence that upstream causal connectivity
can be inferred with better accuracy than individual causal
relationships.
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Fig. 1. Success of causal network reconstruction by the three methods studied in this work. In panels A–C we plot the simulated causal effect (y-axis)
that ranges between 0 and 1 vs. the inferred presence of a causal effect (coded as 0 for absence and 1 for presence). All three methods succeed to some
degree in finding the causal edges, with the QDG method (a full information method) performing best. In panels D–F we show the simulated upstream causal
connectivity (y-axis) vs. the inferred upstream causal connectivity (x-axis). The statistical relationship between the simulated and inferred upstream causal
connectivity for each method is stronger than the corresponding success of inferring individual causal edges.

V. R EPRODUCIBILITY OF CAUSAL INFERENCE IN MOUSE
GENE EXPRESSION DATA

Testing causal inference algorithms on empirical gene expression data is difficult, since the true underlying directed
network is not known. Instead of attempting to quantify the
reconstruction success directly, we study the reproducibility
of the results of each of the methods when the observations
are split randomly into two parts and the method is applied to
each part separately and independently. Our approach can be
heuristically motivated as follows. Denote the true underlying
causal network by T and the inferred networks by I1 and I2 .
We assume that we can draw a causal diagram 1 → I1 ←
T → I2 ← 2 , where 1 and 2 are independent errors of
the causal network reconstruction. We define “reproducibility”
as the statistical association of I1 and I2 , and “success of
reconstruction” may be defined as the statistical association
of I1 with T . The above model implies that, heuristically, “re-

producibility” should be in some sense the “squared success of
reconstruction”. We note that this heuristic argument depends
crucially on the errors 1 and 2 being independent, which
is almost certainly not the case. Nevertheless, we will take
reproducibility as a proxy for success of reconstruction.
We study the reproducibility on the example of genomewide expression data from female livers of an F2 mouse
intercross. The data, described in [19], consist of 3421 probes
(selected from the original over 23000 based on variance and
network connectivity) measured in 132 samples. In addition,
a clinical trait (body weight) and genotype information are
also available. As a test set, we selected the body weight, and
a certain number of genes whose correlation with an anchor
SNP is at least 0.25 and that have a hight correlation with
body weight. The anchor SNP is within a strong QTL locus for
weight on chromosome 1. We varied the number of selected
genes between 5 and 100. We used a LEO (Equation 1)
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threshold of 0.8 and an α = 0.4 threshold for the QDG
method.
We find that while full information methods still work quite
well, results of the limited information methods are in most
cases more reproducible. In Figure 2 we present selected
results of the study when the number of nodes is 21 (20
genes plus the clinical trait). We find that partial correlations
between a pair of network nodes conditioned only on the
anchor SNP (panel A) are more highly reproducible than the
partial correlations conditioned on all other network nodes
(panel B) obtained using the GeneNet package. We find that
identification of causal edges using NEO is about equal or
somewhat more reproducible than a similar identification by
the QDG method. We note that both methods use a threshold
to identify the causal edges and varying the threshold does
change the concordance measures to some degree, but overall
the result are quite robust to changes of the threshold.
VI. D ISCUSSION
In this work we defined the upstream connectivity of a
node i as the number of other nodes that the node i causally
affects. Since inference of causal edges typically requires some
form of thresholding, our definition depends on the threshold
or other criterion that determines the present/absent call. If
the decision criterion is quantitative and available (not all
methods output it), it may be more attractive to define the
causal connectivity for node i as a suitable sum of the decision
criteria for edges from node i to all other nodes. For example,
the NEO method uses the LEO score (Equation 1) to determine
whether to call a causal edge present. Thus, one could define
a threshold-independent upstream causal connectivity of each
node by summing the LEO scores of that node. On the other
hand, full-information methods often calculate the likelihood
of a full graph and there may be no natural way of assigning
a “weight of causal evidence” to individual edges. Hence, a
weighted definition of upstream causal connectivity may be
more problematic for full information methods. In this work
we used the simple definition based on the thresholded calls,
and we leave the definition of a weighted causal connectivity
to future work.
Our simulation and real data studies suggest that upstream
causal connectivity can indeed be recovered with higher accuracy than the individual edges. In our real data study, in which
we studied reproducibility of causal inference in two halves
of a single data set, the reproducibility of causal calls by both
NEO and QDG is quite low. The full data set consisted of
132 samples, giving each half 66 samples. Our results indicate
that if either of these two methods is applied to data sets with
a relatively low number of samples (below 100), the results
should be carefully checked and validated. Particularly when
studying complex traits in which each QTL has a relatively low
effect, sufficient sample sizes (at least a few hundred samples)
are key to obtaining reliable results.
As a side note we remark that sample sizes necessary to
reliably construct a gene co-expression network are much
lower because the gene–gene correlations tend to be stronger.

For example, panel A in Figure 2 indicates that partial
correlation of genes conditioned on the SNP anchor show
excellent reproducibility, while panel C indicates only weak
reproducibility for the causal call.
VII. C ONCLUSION
In this work we compared several methods for inferring
causal networks from experimental data such as genotype,
gene expression, and clinical trait data. We focused on the
distinction between restricted information methods that consider each edge in the network in isolation from all other
edges, and full information methods that consider all edges in
the network at once. Because of relatively low typical effect
size of QTLs (particularly when studying complex traits), and
noise, causal inference in general suffers from relatively poor
reproducibility. We proposed a more robust measure of causal
effect of a node in a network, the upstream causal connectivity,
defined as the number of other nodes in the networks that the
given node causally affects. In simulations and real data we
provided evidence that full information methods can be more
efficient, but also may be more sensitive to noise. We also
studied the reproducibility of upstream causal connectivity and
provided evidence that it is more robust than the inference of
individual edges.
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F. Upstream connectivity
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cor=−0.014, p=0.36

●

●

●

●
●
●
●
● ● ●
● ● ●● ● ● ●
● ●
●
● ●
●
●

●

●

●● ● ●
●
●
●●● ●
●●
●●● ● ● ●
●
●
●
●
● ● ●●
●
●
●
●●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●● ●
●●
●
●
●
●
●●
●
●
●
●
●●●
●
●
●
●
●
●
●
●
●
●
●
●
●● ●
●
●
●
●
●
●
●
●●
●●
●●
●
●
●
●●
●●
●
●
●
●
●
●
●
● ●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●●●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●
●
●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●●● ●
●●
●
●
●●
●
●
●
●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●
● ●●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●● ●
●●
●●
●
●
●
●
●
●
●●
●
●● ●●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●●●●
●
●
●
●
●
●
● ●
●
●
●
●
●
●
●●
●
●
●
●
●
●●●
●
●
●
●
●●●
●
●●
●
●●
●●●●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●● ●●
● ●● ●
●●
●●●
●
● ●●
●
●
● ●●
●
●● ●
● ●

●
●
●
●
● ●● ●● ●● ●
●
●●
● ● ●
●
●
●●●
● ●
●
●
●
●
●● ●
●
●●
● ●●
● ●●●
●●
● ●
● ●●
●
●
● ●
●
●●●● ● ●●
●
●
●
● ● ● ● ●
●●

●●

0
1
QDG causal call in subset 1

●
●
●
● ●
●
● ● ●●
●
●
●●● ●
● ●
●
●
●
●
●
●
●
●
●
●
● ● ● ● ●●
●
●●
● ●●● ●●
● ●●
● ●●
●● ●● ● ●●●
●
●
●● ●●●
●
●
●●●●●
● ● ●
●
●
●
●●
●●
●
●●
●●
●
●● ●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ● ●
●●
●
●●●
●
●
● ●
● ●●
●●●
●
●●
●●
●●
● ●●
●●
●
●●●●●● ● ● ● ●●●
●
●●●
●● ● ● ● ● ●
●
●
● ●●●●
● ●●
●●
●●
●
●●
●●
●●
●● ●
● ●●
●
● ●●
●
●●
● ●
●●
●●
● ● ●●
●●
●
●
●● ●●● ●●●
●●
●●
●
●
●●
●● ●
●●
●
●
● ● ● ●●
● ● ●●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●
●
●● ●
●●●
●
●● ●
●●●
●● ●
●
●●●●
●●●
● ● ●
●
●
●
●●●
●
●●
● ●●●
●
●●
●●● ●
●●●
●
●
●
●
●●
●●
●
●
●●●●●
● ●
●●
●●●
●●●
●● ●
●
●
●
●●
●● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●●● ●
●
● ●●
●●●
●●●●
●
●
●● ●●
●
●● ●● ●
●
●●
●
●
●
●●
●
●
●
●
●●
●
●●
●
●●● ● ●●● ●●
●
● ●● ●●
●
●●
●
●
●
●
●●
●
●
●●●
●●●● ●
●
●
●
●
●
●
●
●● ●
● ●
●
●● ●
●
●
●● ● ● ●
●
●●●●
●
●
●●●●
●
●●
●
●●●●
●
●
●
●
●
●
●
●● ●
● ● ●●●
●
●
●
● ●● ●
●●● ●● ●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●●● ●
● ● ●●
●
●
●
●
●●
●
●●
●●
● ● ●● ●
●
●
●●●
●●●●
●
●
●
● ●
●
●
●
●●
●
● ●●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●● ●
●
●
●
●
● ●●●
●
●
●● ●
●
●
●
●
● ●
●
●
●●●
● ●●
●
●●● ●
● ●
●
●
●
●
●
●
●
●
●●
● ●
●
●●●
●
●
●●
●
●
●
●
●
●
●
●
●
●
● ●●
●● ●
●
●
●
●
●●●● ●
●
●
●● ●
● ●● ●
●●● ●
●
●
●
●
●
●
● ●
● ●● ●
●
●●
●
● ●●
●
●
●
●
●
●
● ●
● ●● ●
●
●
●
●● ● ●●
●
●
●
●●●● ●
●
●●●● ●● ● ●
●
●
●
●●● ● ● ●●
●●●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●● ● ●
●
●
●
●
●● ●● ● ●
●
●
●
●
●
●
● ● ●●
●●
●
●●
● ●●● ●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
● ●● ● ●●●
●
●
●
●
●
●
●
●
●● ●
●
● ● ●
●
●
●●●
●●
●
●
●
●
●●
●
●
●
●
●
●
●●●
●
●
●
●● ●
●
●
●
●
●
●
●●
● ●
●
● ● ●● ●● ●●
●
●
●●●
●
●● ●
●
●
●
●
●
●
● ● ●● ●●
●●
●
●
●
●
●● ●
●
●
●
●
●
●
● ● ● ● ●●●
●
●
●
● ●● ●
●
●
●
●
●● ●● ●●● ●●●
● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●● ● ●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●●●● ●●
●
●
●
●
●●● ● ● ●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
● ● ●●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●● ●
●●●●● ●
●●● ●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●● ●● ●●
●
●
●●
●
●
●
●
●
● ●
●
●
●
●
● ●● ●
●
●
●
●
●
●
●
●● ●●
●
●
●●● ●● ●
●
●●● ●
●
●
●● ●●
●
●
●
●
●
●
●
●
●
●
●
●
● ●●
●
●
●
●
●
●
●
●
●
●
● ● ●●●
●●●
●●
●
●
●
●
●
●
●
●
●● ●
● ● ●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●●
●
●
●
●●
●
●
●
●
● ●
●
●
● ●● ●
●
●
●
● ● ●●
●
●
●
●
●
●
● ●●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●●●
●
●
●
● ● ●
●
●
● ● ●
●
●
●
●
●
●
●
●
●
●●●
●●● ●
●
●
●● ●
●
●
●
●
●
●
●
●● ●
● ●
●
●
●
●
●
●
●
●
●
●
● ●●
●
●●
●
●
● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
● ●●● ●●●
●
●
●
●
●●
●
●
●
●
●
●
● ●●
●●
●
●
●
●
●
●
●● ● ●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●●
●●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●●●
●●
●
● ● ●●
●●
●●●●●
●
●●
●●● ●
●
●
●
●●●●●●
●
●
●
●
●
●●●●
●
●
●
●
●●
●●
●
●●● ●●
●
●
●●
●
●
●
● ●
●
●
●
●
●●
●
●●●●
●
●●●
● ●●●
●
●
●

0
5
10
15
20
NEO upstream conn. in subset 1

●

●

NEO upstream conn. in subset 2
0
5
10
15
20

●
●
●
●
●●●
●●●
●●●
●
●
●
●●●●●
●
●●●
●●● ●
●
●
●
●
●●
●
●
●
●
●●
●●●
●
●
●●
●●
●
●●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●
● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●●
●●
●
●●
●
●
●
●
●
●
●●
●
●●
●
●
●
●●
●
●● ●
●
●
●
●
●
●
●
●●
●
●●

●
●
●
● ●
●
● ●●
●
●●
●
●●●●●
● ● ●●●●
●
●●●● ● ● ●
● ●●
●●●
●
●
●
●
●● ●
●●
●
●●●
●●
●
●
●
●●
●●
●
●
● ●
●●
●
●
●●
●
●
●
●●●●
●●
●
●●●
●
●
●
●
●
●
●● ●
●
●
●
●
●●● ●●
●
●
●● ●●
●
● ●●
●
● ●●
●
●
●
●
●

E. Upstream connectivity
Restricted information − NEO
cor=0.25, p=1.7e−61

●● ●
●

QDG upstream conn. in subset 2
0
2
4
6

●
●
●●
●
●
●
●
●
●
●●
● ●
●●●
●●
●
●
●
●
●
●
●
●
●
●
●● ●
●●
●●
●
●
●
●
●
●
●
●●
●
●● ● ●●
●
●
●
●
●
●
●
●
●
●
●●
●●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
● ●●●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●● ●
●
●
●
●
●
●
● ●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
●
●
●
●
●●
●
●
●
●● ●●●
●
●
●
●
●●
●
●
●
●
●●
●
●
●
●
●
●
●
●
● ●
●
●●
●
●
●
●
●
●●
●
●
●
●
●
●●●
●
●
●●
●
●●
●
●
●
●
●
●
●
●●
●
●
●
●
●
●
●
●●
●
●
●
●●
●
●
●
●
●
●●●● ●
●
●●
●●
●●●
●
●
●
● ●
●
●
● ●●
●
●
●
●
●
●●●●●●●●●
● ●● ●
● ●●●●● ●●
●●●
●
●
●
●
● ●●●
●
●
●●
● ●
●
●
●

691

C. Causal call
Restricted information − NEO
cor=0.12, p<1e−200
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A. Partial correlation
Restricted information − NEO
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Fig. 2. Restricted information vs. full information methods applied to real data. In real data the true causal relationships are not known. As a proxy,
we study concordance of their results when an experimental expression data set is split randomly into two halves. A. partial correlations of network nodes
(genes and the clinical trait) in subset 2 (y-axis) vs. subset 1 (x-axis) conditioned on the anchor obtained by NEO (a restricted information method). Each
point corresponds to a pair of nodes. We also show a linear model fit line, the correlation of x and y axes, and the corresponding Student p-value. B. Partial
correlations of network nodes (genes and the clinical trait) in subset 2 (y-axis) vs. subset 1 (x-axis) conditioned on all other nodes in the network obtained
by GeneNet (a full information method). C. Reproducibility of causal call obtained by NEO. Each point corresponds to a pair of nodes, with “A → B causal
edge not present” encoded by 0 and “A → B causal edge present” encoded by 1. For visualization we added a small amount of noise that makes the number
of edges in each group more apparent. D. Reproducibility of causal call obtained by QDG shown similarly to panel C. E. Reproducibility of upstream causal
connectivity kupstr obtained by NEO. Each point corresponds to one node. The upstream causal connectivity for each node is the number of nodes is causally
affects. To make visualization easier, we added a small amount of random normal noise to the plotted data. F. An analogous plot of the reproducibility of the
upstream causal connectivity obtained by QDG.
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Identification of gene pathway involved in clinical traits
using Bayesian network classifiers
LI Jiangeng, ZHU Yi, and RUAN Xiaogang
School of Electronic Information and Control Engineering,
Beijing University of Technology,
Beijing, China
Abstract - Many studies of correlations between levels of
gene expressions and clinical traits enable the identification
of genes responsible for clinical traits and the prediction of
the causal relationship among them. However, many of
them are single gene based approaches, which do not
consider the correlation and interaction among genes. Gene
pathways are sets of genes that share common particular
cellular function or regulation. Identifying and analyzing
known gene pathways that are involved in clinical traits can
capture more biological information for the further studies.
In this paper, we propose a method for identifying
gene pathways that are associated with clinical trait using
Bayesian network classifiers. The method focuses on gene
sets, and reveals many gene pathways in gastric cancer. We
test our method using gene microarray data from gastric
cancer tissues.
Keywords: gene pathways, Bayesian networks, Bayesian
classifiers, gene microarray data analysis

1

An analytic tool for this, termed GSEA (Gene Set
Enrichment Analysis), which is based on KolmogorovSmirnov statistic, has been developed [4]. Several other
approaches have considered enrichment-based approaches
to identify significant pathways using various methods, such
as maxmean statistic [5], and random set methods [6]. These
pathway-based methods look for sets of genes that are
enriched for over-expressed or under-expressed genes.
In this paper, we propose a method which is used to
identify known gene pathways that are involved in clinical
traits. Our approach is illustrated in Figure 1. The intuition
of this method stems from the fact that the higher
predicative accuracy a pathway has, the more significant this
pathway is to the phenotype. Building on the work of
Bayesian network classifier [7], By integrating the gene
microarray expression data and gene pathways, we propose
a method using tree-augment naive Bayesian network to
detect the relevant gene pathways that are associated with
disease states.
Microarray data

Introduction

The millions of common DNA variations that occur in
the human population perturb the expression of a large
amount of genes expressed in different tissues.
Cardiovascular and metabolic diseases develop as a
consequence of a complex cascade of events. Most of these
events are likely to be influenced by genetic factors. Many
studies [1,2] have made it clear that metabolic and
cardiovascular disorders are resulted from a large number of
factors, each exhibiting a small effect. However, most
studies are single-gene based and have not started looking at
sets of genes instead of one gene at a time. In particular, it is
likely that most complex diseases result from the
interactions of multiple genes and, therefore, cannot be
modeled by single-gene perturbations.
Microarray technology, a new biogenetic technology
for the simultaneous measurement of thousands of gene
expression levels, has flourished over the past decade, and it
is widely used in functional genomics studies. Pathways are
sets of genes that serve a particular cellular or physiological
function. Changes in the microarray data in association with
complex metabolic traits typically involve gene pathways.
Moreover, pathway-based analysis can identify pathways
with subtle changes of expression levels that may not be
detected are the single-gene level [3].

Gene pathways

Expressions of genes in the gene pathways
Bayesian network classifier
Gene pathways involved in clinical traits
Figure 1. Overview of proposed method.
This paper is organized as follows. In Section 2, we
review the basic theory of Bayesian networks. In Section 3,
we describe tree-augmented naïve Bayesian multinets
classifier which is employed to identify gene pathways. In
Section 4, we apply the TAM method to gastric cancer
dataset and evaluate its ability to identify gene pathways. In
Section 5, we briefly discuss the methods and results and
provide possible further extensions of the method.

2

Bayesian networks

A Bayesian network [8,9,10] is a graphical model that
encodes probabilistic relationships among variable of
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interest. They were conceived of as a general way of
efficiently encoding a large-dimensional multivariate joint
probability distribution. Bayesian networks are utilized
[11,12,13,14] to help decode the correlated genes in
microarray data and to integrate genetic marker data with
microarray measures. Bayesian networks have shown
particular promise in the field of computational biology
[15,16,17,18], because they have several advantages. One,
they allow one to learn about causal relationships among
relevant biological factors. Two, they are able to combine
the knowledge and different types of data. Three, They can
hand noise and stochastic nature of gene expression data.
Four, they are efficient to guard against the over fitting of
data.
Bayesian networks (BNs) are directed acyclic graph
(DAG) models that efficiently encode the joint probability
distribution over a set of variables X  ( X 1 , X 2 ,..., X n ) .
A BN for X is a specified as a pair
directed

acyclic

graph

G

in

(G, ) consisting of a
which

each

node

X i (i  {1,2,..., n}) represents a random variable and

each edge represents directed relationship between the
variables; and lack of edges encode conditional
independencies, together with a set of parameters  that
encode for conditional probability distribution of that each
node given its parents in the DAG. We use Pa ( X i ) denote

X i . The parameter in  is specified by
 xi  p ( xi | pa ( xi )) . All the variables to which X i has a

the parents set of

directed link are known as its children. BN encodes the
following conditional independent statements: each nodes is
independent of its nondescendants given its parents in G .
In particular, given a BN, the joint probability distribution
over
X
is
given
by

p ( X 1 , X 2 , ..., X n ) 

3

n



i 1

p ( X 1 | p a ( X 1 )) .

Bayesian classifier

Classification is one the central problem in machine
learning [19,20] and in medical research [21,22,23]. The
goal of a classifier is to decide which class the instance
belongs to, by the attributes of the instance. There have been
various methods developed to address this problem
[24,25,26]. We propose a method using Bayesian classifier
to identify the gene pathways that are relevant to the clinical
traits. This section is organized as follows. In section 3.1,
we review the structure of tree-augmented naïve Bayesian
multinets classifier (TAM). In section 3.2, we propose the
network learning method.

3.1

The structure of Bayesian networks
classifier

Tree-augmented naïve Bayesian networks classifier
(TAN) [7] is an extensions to the naïve Bayesian classifier
[27,28] by removing the assumptions of independence in
naïve naïve Bayesian classifier. For gene expression data
and gene pathways analysis, TAN share the advantages of
capturing the relationships among the genes in the pathway.
However, in different clinical traits, the correlation between
genes can be quite different. Tree-augmented naïve
Bayesian multinets classifier is aim to handle this situation
by using different network structure for each class. [29,7]
3.1.1

Naïve Bayesian classifier
The Bayesian classifier makes decision by learning
the posterior conditional probability of the set of attributes
given the classes from the training data set. We denote the
set of classes by C  (C1 , C2 ,..., Cm ) , and the set of
attributes by A

 ( A1 , A2 ,..., An ) . The naïve Bayesian

classifier computes the posterior conditional probability
P(Ci | A1 , A2 ,..., An ) , and predicate the class with the
highest posterior conditional probability. The network
structure holds a assumption that all the attributes is
conditional independent given the class, which means that
there is no edges between the attributes and all the attributes
is connected with the class node. The network structure is
shown in Figure 2.

C

A1

A2

...

An

Figure 2 A naïve Bayesian network classifier, which has
a tree structure with one root as class variable, and several
leaves as attributes variables.
This assumption is not realistic for the gene pathways,
because it ignores the correlation between genes. To handle
this drawback, we can employ Bayesian Network as
classifier to represent the casual relationship among all the
variables in the graph model. Besides, many approaches
[30,31,32] have been developed to learn the model.
However, learning Bayesian Network in both computational
effective and predictive accurate way is a tough assignment.
Because it is forced to search the optimal network structure
over a large variables space. In order to handle this problem,
we make restrictions on the edges in the graph model. The
particular restricted network is called Tree-augmented naïve
Bayesian networks [7].
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3.1.2

Tree-augmented naïve Bayesian networks
classifier
In the naïve Bayesian classifier, all the attributes are
independent given the class variable. To remove this strong
assumption, we add augmented edges among the attributes
to form a augmented tree structure. An edge between two
attributes means that the relationship or dependence
between two attributes influence the decision that Bayesian
classifier make. But if we do not restrict the set the
augmented edges, the learning of the augmented tree model
can still be a intractable computational problem. In
Friedman et al (1997), they proposed a tree-augmented
naïve Bayesian networks classifier (TAN) and make a
restriction, which is that the attribute variable has as parents
the class variable and at most one other attribute. Therefore,
each attribute can have at most one augmented edge point to
it. The structure of a TAN with one class variable and 5
attributes is shown in Figure 3.

Each

A3
A5

A4

Figure 3
A tree-augmented naïve Bayesian networks
classifier with one class variable and 5 attributes. The
dashed lines are the augmented edges among attributes
variables.
We should consider the fact that the correlation
among genes in a particular pathway can be different among
various clinical traits. However, TAN give the same
network structure for different class types. In order to
overcome this problem, we employ a tree-augmented naïve
Bayesian multinets classifier (TAM) [29].
3.1.3

Tree-augmented naïve Bayesian multinets
classifier
The main advantage of TAM is that it is able to
represent different relationship among the attributes
corresponding to different classes by using a multinet
structure. TAM represents the joint probability of attributes
and class by using marginal probability:

p ( A1 , A2 , ..., An , C ) 


im


i 1

where

im


i 1

p ( A1 , A2 , ..., An , C i )

p ( A1 , A2 , ..., An | C i )  p ( C i )

C  (C1 , C2 ,..., Cm ) .

probability

i m

 p( A , A ,..., A
1

i 1

p ( A1 , A2 ,..., An | Ci ) is

n

2

| Ci )  p (Ci ) . For example, a

structure of a TAM that classifies two types of class basing
on three attributes is shown in Figure 4.

C

C1

A1

c

A2

c

conditional

encoded by a local TAN. TAM is formed by combine the
local TAN with the prior probability of class variable
p(Ci ) in the manner of marginal probability

C

A1
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c

A3

c

C2

A2

c

A1

c

c

A2

A3

c

c

Figure 4 A tree-augmented naïve Bayesian multinets
classifier with two types of class and three attributes. The
network in the left frame is the local network for class 1;
and the network in the right frame is the local network for
class 2.

3.2

Learning the structure of TAM

There are basically two methods for learning the
structure of Bayesian network. The first one is dependency
analysis [33,34,35]. The drawback of dependency analysis
is that it is difficult to determine whether two nodes are
dependent [34]; and high-order dependency analysis is
unreliable [34,36] The second one is score based approach,
which produces a series of candidate Bayesian networks,
compute a score for each candidate, and choose the
candidate with the best score as the final network.[37,38].
The problem of the second approach is that the search space
is unusually very large; as a result heuristic search method
can get stuck in a local optimum [9]. The TAM that we use
to analysis the gene pathways constrain the searching space
by make the restriction that each attribute can have at most
one attribute as its parent. Thus we use the score based
approach to learn the structure of TAM. First, we define the
form of the parameters or probabilities of TAM for the gene
expression data. Second, we propose the score function for
estimating the network structure, the searching strategy and
the model assessment method to estimate the classification
error, which is crucial to our analysis of gene pathway. The
lower classified error a pathway has, the more significant
this pathway is to the phenotype.
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3.2.1

Learning the parameters of TAM for analysis of
gene pathways
We assumed that a set of gene microarray data for
genes in a particular gene pathway consists of n of genes
and m of replicates for each clinical condition as shown
below

R1

R2

G1

g11

g12

G2

g 21

g 22













Gn

g n1

gn2

  
  




  

  





g nm

R j corresponds to the jth

gij corresponds to the gene expression

profile for the ith gene in the jth replicate.
The TAM for the analysis of gene pathway encodes
the joint probability of gene expression levels and clinical
trait by
p ( g 1 , g 2 , ..., g n , C ) 


i k



i k



i1

g4
g3

g 2m

C  (C1 , C2 ,..., Ck ) is used to denote the set of

replicate; and the

g2

g1m

clinical traits which is one that we aim to classify based on
the gene expression data as shown above. The Gi
corresponds to the ith gene; the

g1

Rm

G  (G1 , G2 ,..., Gn ) is used to denote the set of genes;
R  ( R1 , R2 ,..., Rm ) is used to denote the set of replicates;
and

C1

p ( g 1 , g 2 , ..., g n , C i )

p ( g 1 , g 2 , ..., g n | C i )  p (C i )

Figure 5
A local network of a TAM represents
relationship between a gene pathway with four genes and a
particular clinical trait.
We assume that the probability distribution of gene
expression profile gi under class Ck follows the normal
distribution:

1 gi  i 2
(
) )
2
i
2   i
. The estimators of mean and standard deviation of the
normal distribution is
1

p ( g i | C k )  N ( i , i ) 

m

g

g 

i
i

j 1

exp(

m

ij

m

,  i 

si
m

, si 

 (g
j 1

ij

 gi ) 2

m 1

We assume that the joint probability distribution of gene
expression profile gi and g j under class Ck follows the
bivariate normal distribution. The density function of the
bivariate normal distribution is as follows:
1

p(gi , g j | Ck ) 
2i j 1 122

exp{

g  j 2
g 
g   g  j
1
[( i i )2  2ij ( i i )( j
) ( j
) ]}
2
i
i
j
j
2(1 ij )

where we have no information and knowledge about the
prior probability of p (Ci ) , so we make the p (Ci ) follow

where

ij

uniform distribution. Then we get

g j . The marginal distribution of gi follows the normal

i1

p ( g 1 , g 2 , ..., g n , C ) 


i k



i1

i k



i1

p ( g 1 , g 2 , ..., g n | C i )  p (C i )

p ( g 1 , g 2 , ..., g n | C i )

of

4

p( g1, g2 , g3 , g4 | C1 )  [ p( gi | C1 )]  p( g2 | g4 , C1 )  p( g3 | g4 , C1 )
i 1

gi and

N ( i ,  i ) . The maximum likelihood estimator

distribution

ij

,

k  m

 i j 
Each local network represents the conditional
probability of genes in a pathway given their parent or a
particular clinical trait. Recall that local network is a TAN,
in which each gene or attribute connected to the clinical trait
or class variable; and each gene can have at most one gene
as its parents. For instance, the local network, shown in
Figure 5, encode the conditional probability by

is the coefficient of correlation between
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The local network of TAM use the conditional probability
p ( gi | g j , Ck ) to represent the casual relationship
between

gi and g j .

p(gi | g j,Ck ) 

p(gi, g j | Ck )
p(g j | Ck )

p ( gi | g j , Ck ) is as follows:


1
1 g   i | j   ij g j 2
ex p [  ( i
) ]
 i| j
2
2   i| j
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The relevant gene pathways in gastric cancer detecting by TAM

Pathway

Size Correct rat(%)

Tumor Suppressor Arf Inhibits Ribosomal Biogenesis

16

0.69754

Focal Adhesion

182

0.63223

Cell Cycle: G2/M Checkpoint

23

0.6158

Small Cell Lung Cancer

80

0.61074

Colorectal Cancer

79

0.60829

DNA Polymerase

22

0.57528

ECM-receptor Interaction

81

0.57149

Rac 1 Cell Motility Signaling Pathway

20

0.53357

Cell Cycle: G1/S Check Point

26

0.52022

Ras Signaling Pathway

20

0.51826

p53 Signaling Pathway

16

0.47591

Cell Cycle

84

0.46959

Multi-step Regulation of Transcription by Pitx2

16

0.44312

Table 2

Genes that express significantly different between the normal and tumor tissue in the relevant pathway

Pathway
Tumor Suppressor Arf Inhibits Ribosomal
Biogenesis

Genes

Focal Adhesion
Cell Cycle: G2/M Checkpoint
Small Cell Lung Cancer
Colorectal Cancer
DNA Polymerase
ECM-receptor Interaction
Rac 1 Cell Motility Signaling Pathway
Cell Cycle: G1/S Check Point
Ras Signaling Pathway
p53 Signaling Pathway
Cell Cycle
Multi-step Regulation of Transcription by Pitx2
,where

 i| j


  j   i  ij i
j

3.2.2


 ij   ij i
j

 i2| j   i2 (1   ij 2 ) .

Learning the structure of TAM
We employ a score-based approach for learning the
structure of TAM. There are two crucial aspects of a scorebased approach, which greatly affect the efficiency and
accuracy of the learning results. One aspect is the score
function. The Bayesian information criterion BIC [38, 39]
is well suited score function, as it perform tradeoffs between

the accuracy and simplicity of the network structure. We chose
the network with the highest BIC score. Another aspect is the
search procedure, we work with greedy search with many
random restart. The problem of greedy search is that it can not
guarantee to find the global optimal network structure, but
with many random restart, it has been observed to work well.
The estimation of error rate of prediction is an important issue
for assessing the TAM. The traditional cross-validation
method is unbiased but can be highly variable. We employ
the .632+ bootstrap method [40] which is smoothed version of
cross-validation and outperforms it.
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Application

In this section, we apply TAM to identify gene
pathways that are relevant to clinical traits in gastric cancer
microarray dataset. The 587 gene pathways come from
database of KEGG, BioCarta and GenMAPP. The gastric
cancer dataset has 40 samples, of which 20 samples labeled as
tumor tissue and the other 20 samples as normal tissue. Each
sample consist the expression levels of 19967 genes. For this
dataset, we learn the structure of TAN for each of the 100
gene pathways using score-based approach for learning. Then
we estimate the preferment of the TAN by the .632+ bootstrap
method. Some gene pathways that are detected to be involved
in gastric cancer are rank by classified correct rate in decrease
order as shown in Table 1. Genes that express significantly
different between the normal and tumor tissue in the relevant
pathway are shown in Table 2.
In “Tumor Suppressor Arf Inhibits Ribosomal
Biogenesis” pathway [41,42], The p19(Arf) tumor suppressor
inhibits production of ribosomal RNA, retarding processing of
47/45S and 32S precursors. In “Focal adhesion” pathway
[43,44], Cell-matrix adhesions play essential roles in
important biological processes including cell motility, cell
proliferation, cell differentiation, regulation of gene
expression and cell survival. In “Cell Cycle: G2/M
Checkpoint” pathway, the G2/M DNA damage checkpoint
prevents the cell from entering mitosis (M phase) if the
genome is damaged. Those pathway are biological relevant
and may help further studies of the mechanism underlying the
gastric cancer.

5

Discussion

Traditional methods for analysis of gene microarray
data have focused on single genes. They fail to detect the
correlation between genes and the relationship among genes in
a particular gene pathway. In this article, we have described an
approach in analyzing gene pathways expression using TAM.
This approach allows researchers to integrate gene microarray
data with pathway information. It is helpful in identifying
relevant gene pathways that are involved in clinical traits.
Identifying significant pathways allows researchers to uncover
the mechanism underlying the phenotype by using the known
function of gene pathways.
In recent years, many studies of combining various
types of data, such as sequence data, expression data, and gene
pathways, enable researchers to get more information about
the casual relation between the gene expression and clinical
traits. However, it is obvious that many genes, pathways and
other factors are involved in phenotype; and it is still a
difficult problem to discovery the complex causal interactions
among them. Analysis of gene pathway to discover the
relationship between gene expression and the clinical traits has
drawn the interest of many researchers. It is likely a promise
way waiting for further studies.
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Abstract— Unraveling transcriptional regulatory networks
is essential for understanding and predicting cellular responses in different developmental and environmental contexts. Information-theoretic methods of network inference
have been shown to produce high-quality reconstructions
because of their ability to infer both linear and non-linear
dependencies between regulators and targets. In this paper,
we introduce MRNETB an improved version of the previous
information-theoretic algorithm, MRNET, which has competitive performance with state-of-the-art algorithms.
MRNET infers a network by using a forward selection
strategy to identify a maximally-independent set of neighbors for every variable. However, a known limitation of
algorithms based on forward selection is that the quality
of the selected subset strongly depends on the first variable
selected. In this paper, we present MRNETB, an improved
version of MRNET that overcomes this limitation by using
a backward selection strategy followed by a sequential
replacement. Our new variable selection procedure can
be implemented with the same computational cost as the
forward selection strategy.
MRNETB was benchmarked against MRNET and two
other information-theoretic algorithms, CLR and ARACNE.
Our benchmark comprised 15 datasets generated from two
regulatory network simulators, 10 of which are from the
DREAM4 challenge, which was recently used to compare
over 30 network inference methods. To assess stability of our
results, each method was implemented with two estimators
of mutual information. Our results show that MRNETB has
significantly better performance than MRNET, irrespective
of the mutual information estimation method. MRNETB also
performs comparably to CLR and significantly better than
ARACNE indicating that our new variable selection strategy
can successfully infer high-quality networks.
Keywords: mutual information, systems biology, network inference

1. Introduction
Transcriptional regulatory networks are networks of transcription factor (TF) proteins and their target genes, where
each edge represents the regulatory activity of each TF on a

target gene. These networks summarize the underlying regulatory circuitry by which precise, condition-specific patterns
of gene expression are generated under different cellular
contexts. Understanding these networks can not only provide
insights into how cells function, but can lead to effective drug
delivery for treating human diseases by specific networkinformed intervention.
Network inference methods (also called reverse engineering methods) attempt to reconstruct the transcriptional
network of a cell from gene expression data [1]. However,
this is a challenging task because of the large amount of
experimental and biological noise in expression data, and
because of the high dimensionality and combinatorial nature
of the problem [25]. Notwithstanding, the bioinformatics
community has developed several successful network inference techniques in the last decade [8]. In particular,
information-theoretic methods for network inference have
been shown to scale to datasets with several thousand genes
and a limited amount of samples [7], [13], [15].
In this paper, we present MRNET Backward (MRNETB),
an improved version of the previous network inference
method called MRNET (Minimum Redundancy NETwork)
[15]. MRNET infers a network of interactions between TFs
and target genes by using a forward selection strategy to
identify a maximally independent set of neighbors for every
variable. However, methods based on forward selection,
including MRNET, rely on the correct choice of the first
neighbor and suffer in performance if the first neighbor
is chosen incorrectly. MRNETB overcomes this limitation
by implementing a combination of a backward elimination
and a sequential replacement procedure. Importantly, we
implement our new neighbor selection procedure at the same
computational cost as forward selection.
Our proposed technique is benchmarked against MRNET
and two other state-of-the-art information-theoretic algorithms, namely CLR (Context Likelihood of Relatedness)
[7] and ARACNE (Algorithm for the Reconstruction of
Accurate Cellular Networks) [13]. Our benchmark comprised fifteen datasets generated from two regulatory network simulators. Ten out of the fifteen datasets come from
the DREAM4 challenge, a competition devoted to compare
the performance of network inference methods [11]. To
assess stability of our results, each method was implemented
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with two different estimators of mutual information. Our
results show that irrespective of the mutual information
estimation used, MRNETB performs better than MRNET
and ARACNE and performs comparably against CLR. Our
new strategy thus successfully infers high-quality networks,
without incurring additional computational costs.
The rest of the paper is organized as follows: Section 2
provides background on information-theoretic methods of
network inference and the two network inference methods,
CLR and ARACNE. Section 3 describes MRNET and our
new approach, MRNETB. Section 4 describes the experimental framework and results and the conclusions are
summarized in Section 5.

2. Mutual Information Network Inference
Mutual information network inference methods comprise
a subcategory of network inference methods, which infer
regulatory interactions between genes based on pairwise
mutual information [15]. As a first step, these methods
require the computation of the mutual information matrix
(MIM), a square matrix whose mimij element is given by
the mutual information between Xi and Xj :
mimij = I(Xi ; Xj )

(1)

where Xi and Xj are random variables denoting the expression levels of genes i and j, respectively.
The main advantages of mutual information networks for
inference of transcriptional regulatory networks are:
• The computational complexity is affordable. This re
sults from the fact that only n2 calls of mutual information, based on bivariate probability distributions, are
required to compute the MIM [13].
• The number of required samples is rather low, since
only bivariate distribution are to be estimated [17].
In the following, we first review two state-of-the-art
network inference methods based on pairwise mutual information. We proceed by describing two commonly used
mutual information estimators.

2.1 Mutual Information Estimation
Two popular ways of computing mutual information are:
(1) discretizing variables with an equal frequency binning (so
that marginal distributions are uniform), and (2) assuming
normally distributed variables. We will now describe these
two procedures.
2.1.1 Uniformly distributed discrete variables and empirical estimation
If Xi is a continuous random variable taking values
between a and b, the interval [a, b] can be discretized by
partitioning it into |Xi | subintervals, called bins, where the
symbol Xi denotes the bin vector. We use #(xik ) to denote
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the number of dataPpoints in the kth bin of variable Xi ,
the symbol m =
k #(xik ) to denote the total number
#(x )
of samples and the symbol p̂(xik ) = mik to denote the
empirical probability.
One possible binning strategy is to divide the interval
[a, b] of Xi such that each subinterval contains the same
number of data points. It follows that subinterval sizes are
typically different. This binning strategy is often referred as
equal frequency binning. The number of subintervals should
be chosen so that all bins contain
√ a significant number of
samples. Here, we set |Xi | = m, which is a common
choice [28]. The entropy of Xi is H(Xi ) = log |Xi |, since
its distribution is uniform across the bins. As a result, the
“empirical” or “plug-in” estimation of the mutual information becomes
+

P

xik

I(X
Pi ; Xj ) = log(|Xi ||Xj |)
∈Xi
xj ∈Xj p̂(xik , xjl ) log p̂(xik , xjl )

(2)

l

It should be noted that this entropy estimation tends to
underestimate the true value of entropy, i.e.
E[H(p)] ≤ H(E[p]) [18].
2.1.2 Normally distributed continuous variables
Let X be a multivariate Gaussian random variable with
mean µ and covariance C. The probability density function
of X is
T
−1
1
1
f (X) = p
exp(− 2 (x−µ) C (x−µ)) . (3)
n
(2π) |C|
where |C| is the determinant of the covariance matrix.
The mutual information between two Gaussian random
variables, Xi and Xj , is then given by


1
σii σjj
I(Xi , Xj ) =
log
(4)
2
|C|
1
(5)
= − log(1 − ρ2 ).
2
where ρ is the Pearson’s correlation [9].
The Spearman rank correlation was shown to have better
empirical performance for network inference than Pearson’s
correlation [17].

2.2 Context Likelihood of Relatedness (CLR)
The CLR algorithm [7] is an extension of the relevance
network approach [4]. The latter approach has been introduced for gene clustering and successfully applied to
infer relationships between RNA expression and chemotherapeutic susceptibility [3]. The relevance networks approach
consists of inferring a network in which a pair of genes
{Xi , Xj } are linked by an edge if the mutual information
I(Xi ; Xj ) is larger than a given threshold θ. The complexity
of the method is O(n2 ) since all pairwise interactions are
considered.
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The CLR algorithm derives a score from the empirical
distribution of the mutual information for each pair of
genes. In particular, instead of considering the information
I(Xi ; X
qj ) between genes Xi and Xj , it estimates a score
wij = zi2 + zj2 , where


I(Xi ; Xj ) − µi
zi = max 0,
σi

(6)

The parameters µi and σi are the mean and the standard
deviation of the empirical distribution of the mutual information values I(Xi , Xk ) of Xi with all other variables Xk
(k = 1, . . . , n). The CLR algorithm has a complexity in
O(n2 ). It was successfully applied to decipher the E. coli
transcriptional regulatory network [7].

2.3 Algorithm for Reconstruction of Accurate
Cellular Networks (ARACNE)
ARACNE [13] is based on the Data Processing Inequality,
which states that, if gene Xi interacts with gene Xj through
gene Xk , then
I(Xi ; Xj ) ≤ min (I(Xi ; Xk ), I(Xj ; Xk ))
ARACNE first assigns to each pair of nodes a weight
equal to their mutual information. Then, all edges for which
I(Xi ; Xj ) < θ are removed, where θ is a given threshold.
Eventually, the weakest edge of each triplet is interpreted as
an indirect interaction and is removed.
An extension of ARACNE removes the weakest edge only
if the difference between the two lowest weights lies above
a threshold η. Hence, η allows the number of pruned edges
to be tunable.
If the network is a tree including only pairwise interactions, the method guarantees the reconstruction of the
original network, once it is provided with the exact MIM
[13]. ARACNE’s complexity is O(n3 ) since the algorithm
considers all triplets of genes. ARACNE successfully recovered components of transcriptional regulatory networks
in mammalian cells and was shown to have favorable
performance compared to Bayesian networks and relevance
networks [13].

3. Minimum Redundancy Networks
MRNET infers a network by using a variable selection
procedure called Maximum Relevance Minimum Redundancy (MRMR) for every random variable Xj ∈ X, [23],
[19]. Assume Xj is the variable for which we need to select
the predictor variables. The MRMR methods ranks a set
XSj ⊆ {X \ Xj } of the predictor variables according to the
difference between the mutual information of Xi ∈ XSj with
Xj (the relevance) and the average mutual information with
the selected variables in XSj (the redundancy). The rationale
is that direct interactions should be ranked before indirect

interactions (i.e. the ones with redundant information with
the direct ones) by the method.
The MRMR method has been introduced together with
a forward selection that starts by selecting the variable Xk
that has the highest mutual information with the target Xj .
The second selected variable Xi will be the one having
a high information I(Xi ; Xj ) with the target and at the
same time a low information I(Xi ; Xk ) with the previously
selected variable. In the following steps, given a set XSj of
selected variables, XSj is updated by choosing the variable,
XiM RM R , that maximizes the MRMR score si :
XiM RM R = arg maxXi ∈X−(i,j) (si )
P
si = I(Xi ; Xj ) − |S1j | k∈Sj I(Xi ; Xk )

(7)

At each step of the algorithm, the selected variable thus
represents a trade-off between relevance and redundancy.
The generic principle of MRNET consists of identifying
a subset XSj (for each variable Xj , j = 1, 2.., n) whose
variables have maximal pairwise relevance with Xj and, at
the same time, maximal pairwise independence among them.
More formally,
XSj = arg maxXSj ∈X−j (u − r)
P
u = |S1j | i∈Sj I(Xi ; Xj )
P
r = |Sj |(|S2j |−1) i,k>i∈Sj I(Xi ; Xk )

(8)

The network inference approach MRNET consists of
repeating this selection procedure for each target gene Xj ∈
X. For each pair {Xi , Xj }, MRNET returns two (not necessarily equal) scores si and sj according to (7). The score
of the pair {Xi , Xj } is defined as the maximum between
si and sj . A specific network can then be inferred by only
keeping edges whose score lies above a given threshold θ
(as in CLR). Thus, the algorithm infers an edge between
Xi and Xj either when Xi is a well-ranked predictor of
Xj (si > θ), or when Xj is a well-ranked predictor of Xi
(sj > θ). In practice, the selection
Pof variables stops when
the average redundancy term |S1j | k∈Sj I(Xi ; Xk ) exceeds
the relevance term I(Xi ; Xj ).
MRNET has complexity of O(n3 ) since each variable
selection is O(n2 ). MRNET was shown to have similar
or better performance than alternative information-theoretic
network inference methods [15], [10], [21], [17].

3.1 MRNET Backward (MRNETB)
In this section, we introduce MRNETB, an improved
version of MRNET. This new algorithm overcomes a major
limitation of MRNET coming from the use of forward
selection as the subset search strategy. A known limitation of
algorithms based on forward selection, including MRNET,
is that the quality of the selected subset strongly depends on
the first variable selected. If the first selected variable, i.e. the
variable with the highest mutual information with the target
variable Xj , is not a true neighbor of Xj , then minimizing
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redundancy (or equivalently maximizing independency) with
that wrongly selected variable is not desirable.
The optimisation problem of MRNET (8) is a binary
quadratic optimization problem. Backward elimination combined with a sequential search is known to perform well
on binary quadratic problems [2]. The backward elimination
method starts with a set containing all the variables and then
selects the variable Xi whose removal induces the highest
increase of the objective function tillP
the stopping criterion is
fulfilled (i.e. a relevance term |S1j | i∈Sj I(Xi ; Xj ) higher
P
than redundancy term |Sj |(|S2j |−1) i,k>i∈Sj I(Xi ; Xk )).
The procedure is enhanced by an iterative sequential replacement which, at each step, swaps the status of a selected and
a non selected variable such that the largest increase in the
objective function is achieved. The sequential replacement
is stopped when no further improvement is met.
Forward selection, backward elimination, and sequential
replacement all have an algorithmic complexity of O(n2 )
[14]. In other words, the network built using a backward
elimination followed by sequential replacement has the same
asymptotic computational cost as the one based on a forward
selection strategy. Backward elimination has been previously
shown to outperform forward selection in variable selection
[6]. In the next section, we show that the backward selection
strategy also improves the performance in network inference
using mutual information.
We have made MRNETB available in the latest version
(2.5) of our bioconductor open-source package called minet
[16].

4. Experiments
We compare the performance of our new approach MRNETB with the three existing network inference methods
described above (ARACNE, CLR and MRNET) using a
framework based on artificial (simulated) regulatory networks (Fig 1). In simulation, the ground truth is known and
inferred networks can be systematically evaluated (which is
typically not possible in vivo) [11].
The framework is composed of the following four steps:
1) Produce artificial gene expression data from networks
of known structure
2) Compute the MIM using two different mutual information estimators for each produced dataset, namely
the empirical and the Spearman based estimator.
3) Infer the network from each computed MIM
4) Assess the quality of the inferred networks using the
area under the precision-recall (PR) curve.

4.1 Metrics
The area under the PR curve (AUPRC) is a standard metric used in the network inference community [20]. The PR
curve plots precision (pre) against recall (rec) for different
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Fig. 1: Experimental framework used to assess network
reconstruction quality

values of a threshold determining which pairs qualify as a
predicted edge [22]. Precision, pre, is given by
tp
pre =
(9)
tp + f p
Precision measures the fraction of real edges (tp) among the
ones classified as positive (tp + f p). Recall, rec, also called
true positive rate (tpr), is given by
tp
rec = tpr =
(10)
tp + f n
It denotes the fraction of real edges that are correctly
inferred.
In a network inference setting, the PR curve illustrates
the trade-off between eliminating many low confidence
edges by using a high threshold (low recall, high precision)
versus keeping many arcs (high recall) with doubt on their
significance (low precision). These quantities depend on
the threshold chosen. A good network inference method
maximizes both precision and recall.

4.2 Datasets
We compared the different network inference methods on
fifteen datasets (Table 1). These datasets come from two different generators, namely Syntren [27] and GeneNetWeaver
(GNW) [12], [11]. Ten out of these fifteen datasets are
from the DREAM4 challenge, which was recently used to
compare over 30 network inference methods. Briefly, five
of the DREAM4 datasets are from the so-called multifactorial challenge. These five datasets have been obtained by
applying multifactorial perturbations to the original network.
The other five datasets contain time courses capturing the response of the network to a perturbation, followed by gradual
return to steady state upon removal of the perturbation. For
a detailed description of these datasets, refer to the DREAM
project website (http://wiki.c2b2.columbia.edu/dream/).

4.3 Results
We compared MRNETB against three state-of-the-art information theoretic methods for network inference (Tables 2
and 3) using the area under the PR curve (AUPRC) on
the benchmark datasets, as described in the previous section. MRNETB has significantly higher AUPRC than both
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Dataset
syntren1
syntren2
syntren3
syntren4
syntren5
multifact1
multifact2
multifact3
multifact4
multifact5
dream1
dream2
dream3
dream4
dream5

Source
Syntren - E.Coli
Syntren - E.Coli
Syntren - E.Coli
Syntren - E.Coli
Syntren - E.Coli
Dream4-Multifact1
Dream4-Multifact2
Dream4-Multifact3
Dream4-Multifact4
Dream4-Multifact5
Dream4-TS1
Dream4-TS2
Dream4-TS3
Dream4-TS4
Dream4-TS5

Variables
300
300
300
300
300
100
100
100
100
100
100
100
100
100
100

Samples
100
100
100
100
100
100
100
100
100
100
210
210
210
210
210

Table 1: Benchmark Datasets

CLR
0.12
0.12
0.12
0.11
0.12
0.12
0.12
0.23
0.18
0.16
0.11
0.11
0.18
0.14
0.13
0.138

ARACNE
0.04
0.02
0.02
0.02
0.02
0.12
0.11
0.19
0.14
0.15
0.05
0.08
0.10
0.08
0.09
0.082

MRNET
0.09
0.08
0.08
0.07
0.08
0.11
0.11
0.21
0.14
0.16
0.08
0.10
0.12
0.10
0.12
0.11

CLR
0.13
0.13
0.14
0.13
0.14
0.22
0.21
0.34
0.33
0.32
0.09
0.10
0.18
0.12
0.14
0.181

ARACNE
0.04
0.03
0.04
0.04
0.03
0.18
0.16
0.35
0.29
0.32
0.05
0.08
0.11
0.07
0.11
0.126

MRNET
0.10
0.10
0.11
0.10
0.09
0.21
0.22
0.38
0.34
0.36
0.08
0.11
0.18
0.11
0.17
0.177

MRNETB
0.12
0.12
0.12
0.12
0.12
0.21
0.24
0.32
0.31
0.30
0.09
0.12
0.21
0.12
0.15
0.178

Table 3: AUPRC Scores for the Squared Spearman Rho
Correlation. Best scores are in bold.

MRNET and ARACNE (p-values were computed using a
paired Wilcoxon test on the AUPRC, see Table 4), suggesting that MRNETB outperforms these methods. MRNETB
outperforms CLR on the DREAM time series datasets, and
is outperformed by CLR on the Syntren datasets, suggesting
that MRNETB and CLR have at par performance. Note that
the results for ARACNE are over-pessimistic because the
method typically produces networks with high precision and
low recall. As a result, for lower thresholds the area under
ARACNE’s PR-curve is much smaller than for the other
methods.
The results are similar for both estimators of mutual
information (i.e. empirical and Spearman based estimation). However, network inference based on Spearman’s
correlation has higher performance than inference based on
empirical estimation of mutual information.
It is worth noting that MRNETB and CLR would have
ranked third and fourth in the multifactorial DREAM4
challenge.

syntren1
syntren2
syntren3
syntren4
syntren5
multifact1
multifact2
multifact3
multifact4
multifact5
dream1
dream2
dream3
dream4
dream5
avg

syntren1
syntren2
syntren3
syntren4
syntren5
multifact1
multifact2
multifact3
multifact4
multifact5
dream1
dream2
dream3
dream4
dream5
avg

MRNETB
0.11
0.10
0.10
0.09
0.10
0.13
0.13
0.23
0.18
0.17
0.10
0.11
0.18
0.13
0.14
0.133

Table 2: AUPRC Scores for the Empirical Estimation of
Mutual Information. Best scores are in bold.

MRNETB Losses/Ties/Wins
Total
P-val MRNETB vs
Total

CLR
16/6/8
CLR
0.11

ARACNE
2/0/28
ARACNE
5e-6

MRNET
4/0/26
MRNET
0.01

Table 4: Losses/ties/wins of MRNETB vs each method and
p-values obtained with a paired Wilcoxon test.

5. Conclusion
This paper introduces MRNETB, a new informationtheoretic method for inferring gene regulatory networks
using gene expression data. Similar to other state-of-the-art
information-theoretic methods, MRNETB relies on pairwise
mutual information. As a result, this method can tackle
datasets with large number of variables and low number
of samples. An appealing aspect of the new method is the
use of a better and more robust search for identifying a
maximally informative subset of variables than a classic forward selection, without incurring additional computational
cost. We compared MRNETB against three other approaches
on fifteen datasets and the experimental results show that
the proposed technique is competitive. Further research will
focus on using MRNETB within an integrative framework
to assess the relative information contribution of different
data sources for improving network reconstruction.
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Abstract - Pathways are the important control mechanisms
for cell functions. Many researchers committed to link the
pathways to human diseases to support drug discovery
especially for cancer target therapy. Until now the
knowledge about cancer-related pathways is still
inadequate and needs to further exploration. Recently some
bioinformatic tools have been developed by applying data
mining technologies to predict signaling pathway based on
protein-protein interactions and microarray gene
expression data. However the gene expression profile of
genes in a pathway remains uncovered. In this study, a
pathway-based gene expression data analysis tool was
designed to display the pattern of gene expression in
different situations. Moreover, 10 human cancer-related
signaling pathways were collected from the Cancer Cell
Map and 3 gene expression datasets were obtained from
Gene Expression Omnibus (GEO), including colorectal
cancer, cervical cancer and breast cancer, to demonstrate
the pathway-based analysis tool. These expression profiles
in normal and cancer status were compared to verify the
feasibility for inferring pathway from gene expression data.
Keywords: Cancer, Signaling Pathway, Gene Expression,
Data Mining

1

Introduction

The relationship of molecular functions and
interactions is the pathway. According to the definition of
the BioPathways Consortion, pathway includes genetic
networks, metabolic pathways, signaling transduction
pathways and medicine metabolic pathways. With the
advanced microarray technologies, numerous gene
expression data has been produced. Nowadays KEGG is
the most well known pathway database [1]. There are still
specific-species databases, for example, MiST dedicates to
microbial signal transduction [2]. Different teams usually
applied different methods for pathway-oriented researches.
Some investigators made a study for the homology of
pathway within plant, animal and yeast [3]. Some groups
used data mining techniques on prediction such as
Bayesian method [4] or other machine learning [5]. Among
four pathway categories, signaling transduction pathway is
a pathway that transfers signals via molecular reactions or
protein-protein interactions. It is evident that aberrant

signaling pathway may led to cancers [6-8]. Human
Pathway Database (HPD) [9] integrated several databases
and designed a web-based interface to utilize pathway
related information easily. On the other hand, researchers
utilized the protein-protein interactions combining with
gene expression data to infer signaling pathways [10][11].
However, few studies revealed the cancer gene expression
pattern based on pathway information. In this study, we
attempt to construct the pathway-based analysis tool to
assist cancer research and to demonstrate the pathway
expression patterns in different cancers.

2

Materials and methods

Gene Symbols of human cancer-related signaling
pathways were collected from Cancer Cell Map database
[12]. There are 10 pathways, including 964 genes, see table
1. In addition, from GEO data set of GDS470, GDS2609
and GDS2635 were obtained (Table 2). GDS470 is about
cervical cancer and includes expression profiling of normal
and cancerous cervix tissue samples at stages 1B, 2A, 2B
and 3B [13]. GDS2609 is the data of early onset colorectal
cancer. This dataset is an analysis of normal-appearing
colonic mucosa of early onset colorectal cancer (CRC)
patients without a prior family history of CRC [14].
GDS2635 is for invasive ductal and lobular breast
carcinomas. Analysis of invasive ductal carcinoma (IDC)
cells, invasive lobular carcinoma (ILC) cells, and their
normal counterparts. Cells obtained from postmenopausal
breast cancer patients. Results provide insight into the
molecular differences between IDC and
Table 1. List of Pathways from Cancer Cell Map.
Gene Symbol
Gene Number*
Alpha6Beta4Integrin
55
AndrogenReceptor
92
EGFR1
177
Hedgehog
21
ID
27
KitReceptor
65
NOTCH
79
TGFBR
154
TNF
189
Wnt
105
*There are overlaps among other pathways.
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Table 2 Datasets Collected from GEO.
Dataset
Record

707

Cancer Samples

Control Samples

Cervical cancer

GDS470

GSM7838,GSM7837,GSM7836,GSM7830 GSM7841,GSM7844,GSM7843,GSM784
,GSM7858,GSM7856,GSM7854,GSM784 2,GSM7846,GSM7847,GSM7848,GSM7
0,GSM7828,GSM7834,GSM7855,GSM78 845
20,GSM7829,GSM7839,GSM7835,GSM7
831,GSM7821,GSM7827,GSM7824,GSM
7823,GSM7857,GSM7822,GSM7825,GS
M7832

Early onset colorectal cancer:
normal-appearing colonic mucosa

GDS2609

GSM93789,GSM93920,GSM93921,GSM9 GSM93938,GSM93939,GSM93941,GSM
3922,GSM93923,GSM93924,GSM93925, 93943,GSM93944,GSM93946,GSM9394
GSM93926,GSM93927,GSM93928,GSM9 8,GSM93950,GSM93952,GSM93954
3929,GSM93932

Invasive ductal and lobular breast carcinoma

GDS2635

GSM134587,GSM134591,GSM134689,GS
M134692,GSM134695,GSM134698,GSM
134701,GSM134704,GSM134707,GSM13
4710

ILC [15]. In terms of header description, samples were
divided into cancer group and control group.
This research used a 64-bit Unix-like operation
system to implement pathway-based gene expression
analysis tool. MySQL version 5.0.51a is used as Database
system and Web service is supported by Apache 2.2.8.
HTML with PHP version 5.2.4 is used for designing
analysis tools. Chart and table was drawn by JpGraph
library in PHP.
After collection of genes of human cancer-related
pathways, a table for every pathway respectively was
generated in the database. Every record included gene
symbol, number of gene in group 1 (excluded value
“null”), summation of gene expressions in group 1, number
of gene in group 2 (excluded value “null”), summation of
gene expressions found in group 2, average of summation
of gene expressions in group 1 for common logarithm,
average of summation of gene expressions found in group
2 for common logarithm, group 1 “null” mark, group 2
“null” mark. Figure 1 displayed the partial table in the
database.
In analysis procedure, first the samples were
divided into cancer group and control group. Next these
two groups are inputted into the system and which pathway

GSM134586,GSM134589,GSM134688,G
SM134691,GSM134694,GSM134697,GS
M134700,GSM134703,GSM134706,GS
M134709,GSM134584,GSM134588,GS
M134687,GSM134690,GSM134693,GS
M134696,GSM134699,GSM134702,GS
M134705,GSM134708

to analyze is requested. The gene expression data was
processed by the algorithm according to equation 1 to
obtain the difference between normal and cancer situations.
Herein G.E.i, is the gene expression data in the ith
microarray.
In brief, the summations and averages of gene
expressions of one pathway in two groups respectively
were conducted. Numbers (n) of matched gene are counted
and the values “null” are ignored. Average for common
logarithm (log10) was calculated in order to display the data
clearly in chart. Gene expression data of cancer and normal
groups were plotted in the same chart for comparison of
differences. The data process flow chart was showed as
figure 2.

n

n

i=1

i=1

Difference :=∣log 10 ∑ G.E.i ∈Group1  / n−log 10 ∑ G.E.i ∈Group 2/ n ∣

....................................... 1

3

Results
In result, the tool is designed as a web interface

Figure 1. Partial Table in the Database. It contains eight fields described in this article. One important item is the field
“null_V” and “null_S”. There are used for group 1 “null” mark and group 2 “null” mark. When the value in the field is 0, it
means no this gene expression found in the pathway.
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Figure 2. Data Flow Chart. Two data sources is used. Human cancer-related pathway is from Cancer Cell Map. Genes
involved in these pathways would be collected. Three gene expression profiles were obtained from GEO. The gene
expression data and genes in these pathways were processed and stored into local database by the importer program.
Through analyzer embedded with JpGraph library, user could get the result pattern and table.

(shown as figure 3). The uniform resource locator is
http://bisp.tmu.edu.tw/hcpr/. 10 gene expression patterns
were produced for every cancer. Total 30 difference-pattern
graphs are generated. All of them are appended in the
supplementary file. The pattern for ID signaling pathway
of cervical cancer are shown in Figure 4. The comparison
of gene expression in the cancer ( red ball) and normal
(blue diamond) situation were displayed. The triangle
means that the difference of gene expression in the cancer
and normal situation. The table, below the graph, records
detail values regarding to the chart. We found that the gene
expression levels of genes in a pathway are not consistent,
they are obviously divergent.
Further Student's t-test was applied to test whether
the difference of means is significant for every gene of ID
signaling pathway between cancer and normal in colorectal
cancer, cervical cancer and breast cancer. A P-value less
than 0.05 is considered as significance. The results are
shown in Table 3. Three genes, ATF3, ELK3 and ID4 were
found with significant difference in two cancers. Five
genes, CCNA2, CCNE1, ELK1, ELK4 and MYF5 were
found with significant difference in one cancer.

4

Conclusions and Discussion

In this study, a pathway-based microarray data
analysis for cancer research is constructed. Via this tool,
we can obtain gene expression patterns of cancers in the
same pathway to reveal the gene activity in this pathway
and compare the differences of pathways in different
cancers.

In addition to implementation of tools, the
preliminary analysis for pathway patterns were performed.
From these patterns, we found the gene expression levels
of genes in a pathway are inconsistent. Therefore it is
difficult to judge whether genes belong to one pathway
according to gene expression level. Thus the prediction of
pathway based on gene expression level should be
inspected more carefully. However, the similarity of gene
expression in same pathway existed in our study.
Three genes, ATF3, ELK3 and ID4 were found
with significant difference in two cancers. The protein
produced by ATF3 represses transcription from promoters
with ATF sites. It may repress transcription by stabilizing
the binding of inhibitory cofactors at the promoter. The
protein produced by ELK3 regulates transcription. It is a
transcriptional inhibitor when there is a lack of Ras, but
activates transcription when Ras exists. ID4 protein works
for inhibiting DNA binding [13]. We suppose that crosscancer difference plays a key role in cancer progression.
Investigators always work for finding difference out, but
similarities of cancer-related pathway may be a new
insight.
It is becoming more increasingly clear that
computational method should draw the map of life secrete
successfully one day. At present, at least 286 human
signaling transduction pathways are discovered. Although
number is much lower than genes or proteins, every
pathway holds the balance. This study shows a new insight
into the relationship between genes and pathways and
verify the feasibility for inferring pathway from gene
expression data.
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Figure 3. Screenshot of Analyze Program. (A)(B) two input boxes could be inputted by different group in a data set.
For example, user could input the cancer group in (A) and control group in (B). (C) This drop-down menu included 10
options: Alpha6Beta4Integrin, AndrogenReceptor, EGFR1, Hedgehog, ID, KitReceptor, NOTCH, TGFBR, TNF and Wnt.

5

Supplementary Data

Supplementary
data
is
available
http://bisp.tmu.edu.tw/hcpr/supplementary.rar .
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Table 3. Difference of Gene Expression between Cancer and Normal in 3 Cancer data.
Cervical Cancer

Colorectal Cancer

Breast Cancer

Gene
Symbol

Mean Difference

p-value (two-taiedl)

Mean Difference

p-value (two-taiedl)

Mean Difference

p-value (two-taiedl)

ADD1

-0.0594722

0.3791

-31.5816

0.803

180.5

0.5005

ATF3

-0.0304773

0.6651

-496.955

0.04075*

1352.3311

0.0007458**

CCNA2

0.143

0.932

36.6075

0.02299*

-124.8308

0.07468

N/A

16.4275

0.02974*

13.1711

0.7637

0.5823

-4.03834

0.727

71.4523

0.1656

N/A

6.92334

0.3966

105.1022

0.01236*

CCNE1
CDK2

-0.289083

ELK1
ELK3

1.104792

0.03138*

268.2475

0.2050

664.76

0.03322*

ELK4

-2.580833

0.006996**

0.455

0.87

-6.15722

0.621

HES1

-0.0745705

0.08064

-19.72334

0.2846

-148.816

0.6944

ID1

0.218542

0.3307

-40.705

0.2454

-1443.355

0.4157

ID2

0.337194

0.6062

32.8083

0.435

-42.088

0.9642

ID3

-0.205337

0.0833

-17.76

0.7104

-947.157

0.08016

ID4

1.9448

0.05037

-208.294

0.0001462**

465.0403

0.0002263**

P204
SMAD3

N/A
-0.84465

MYF5
MYF6

N/A

N/A

0.2524

-21.88875

0.3135

36.6529

0.6255

N/A

-5.14

0.02873*

24.52667

0.2153

N/A

7.38

0.2311

14.955

0.5662

MYOD1

0.0902273

0.6565

0.125

0.9187

8.28

0.3013

MYOG

-0.0944667

0.3188

0.595

0.7806

7.47333

0.7568

PAX2

0.1144

0.06137

2.02

0.6996

40.3358

0.1736

N/A

-3.125

0.3692

16.135

0.1046

0.983

7.345

0.534

-23.6669

0.6432

PSMD4

N/A

88.2433

0.4634

312.349

0.4376

RB

N/A

PAX5
PAX8

0.0015334

N/A

N/A

TCF12

0.053346

0.9047

8.1383

0.7825

66.7244

0.7938

TCF3

-0.2252663

0.4235

-3.5163

0.6324

102.4005

0.1361

MIDA1

N/A

N/A

N/A
* p-value < 0.05
** p-value < 0.01
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Abstract - With the advances of high throughput

technologies, plethora of data have been generated
for surveying biological systems in forms of
transcriptomic, proteomic, metabolomic data, as
well as genotype, copy number variation (CNV),
methylation patterns and etc. Integrating these
types of high-throughput data is critical to
construct models that are predictive of complex
biological systems.
Systematically integrating
different types of data into probabilistic networks
using Bayesian networks (BN) has been proposed
and successfully applied for understanding some
aspects of yeast, mouse and human systems.
However, many these Bayesian networks are based
on incomplete data and context specific data that
cannot model common feedback regulations in
biological systems.
Here we hypothesize
mechanisms to explain differences in context
specific data and their impact in the Bayesian
Network construction and inference. We applied
our method to a yeast segregant population under
two different nutrient conditions and constructed
regulatory networks to explain differences between
the two conditions.

needed to prevent and/or treat diseases.
The basic
components in systems biology as defined by Ideker et al. [3]
are: (a) systematic perturbations, (b) systematic observations
and (c) integration of high throughput data into mathematic
models that can describe complex biological systems.
Systematic perturbations can be achieved by gene mutation
[4], multiple compound treatments [5], temporal treatments
[6] and naturally occuring genetic combination [7-9] or
genetic crosses [10-11]. Recent advances in high throughput
technologies for genetic, genomic, transcriptomic, proteomic
and metabolomic analyses have made comprehensive and
systematic studies of biological systems possible. Integration
of diverse data into systems, network models [12-15] has
enormous potential to further our understanding the molecular
basis of biological systems and complex interactions
underlying human disease.
Most of integrative works focus on combining genomewide
data of different types [12-14]. As it is cheaper and cheaper
to generate large amount data, more and more genomewide
omics data were generated. When integrating multiple data
sets of the same type, meta-analysis was frequently applied to
the individual results [16-18]. Other approach is to use one
data set as the main data and the rest of data sets are used to
generate filters [15].
It is hard to truly combine multiple
data sets at raw data levels. Here we compare two similar sets
and hypothesize mechanisms that attribute differences
between the two data sets. We used ‘latent’ variables to
capture these differences, then integrate two data set together
at raw data level.

Keywords: Bayesian network, latent variable, regulation
loop, genetic x environment interaction,

2
1

Introduction

Common complex human diseases such as diabetes,
obesity, cancer and etc. result from a combination of genetics,
environment, and the interactions between the two. Genomewide association studies (GWAS) have produced many clues
regarding the genetic contributions to the pathogenesis of
complex human disease. However, the genetic risk factors
identified so far only explain a small proportion of disease
risks [1-2]. A systems biology approach, which gives a
comprehensive and holistic view of how these genetic factors
interact together to give rise to complex human diseases is

Data set comparison

Genetic combination is an efficient way to generate
systematic perturbations in human [7-9], mouse [11], rat [19],
plants [11] and yeast [10]. The yeast cross BY x RM11
(refered as BXR) generated by Brem et al. [10] is widely used
as proof-of-concept data set for data integration [14, 20-23].
Recently, Smith and Kruglyak [24] generated two data sets of
the same yeast BXR cross under different nutrition
conditions, shown in Figure 1. As the same set of segregants
is used in the two data sets, the genetic perturbations should
be identical in both sets. Only difference between the two is
the nutrition condition.
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Figure 1. Segregants of yeast BXR cross were grew
under two different nutrition conditions, then were gene
expression profiled.

2.1

Figure 2.
Differentially connections between coexpression relationships based on expression data of
yeast segregants grown in glucose and ethanol medium.

Meta-analysis

Before attempting to combine two data sets, it is worth
to compare the two data sets to identify common features
between the two and unique features for each one. One way
to compare the data sets is to apply meta-analysis. We
recently developed a robust semi-parametric meta-analysis
method to compare human, mouse and rat co-expression
networks [17]. The main advantage of the method is to allow
null distributions different for each data set. The effect size
of a co-expression relationship is defined according to
Glass’s definition as

d kij 

rkij  rki .

(1),

r

i.
k

where
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rkij is the correlation coefficient between the expression

profiles of genes i and

j in the data set k . rk i . and  ri . are

2.2

Comparing co-expression networks with
protein-protein interaction network

In addition to the meta-analysis above, we previously
showed that there are many conserved modules between the
glucose and ethanol data sets [27]. When comparing coexpression modules identified in glucose or ethanol data as
well as glucose and ethanol data together with reference data
sets such as GO biological processes, transcription factor
knockout or overexpression signatures and perturbation
compendium, we showed that combining the two data sets
together yielded modules that are more coherent with the
reference data sets. The result suggests that the regulatory
networks perturbed by genetic variations are similar between
the two sets.

k

the mean and standard deviation of the null distribution
specific for gene i . Then d scores are combined as
suggested by Hedges and Olkin [25] as

d 

1
k

d

k

(2),

k

and the heterogeneity across the data sets can be measured as

Q   (d k  d )2

(3).

k

The semi-parametric meta-analysis method was applied to the
glucose and ethanol yeast data sets. 7933 connections are
common and 17 connections are different between the two
data sets at the genomewide significant p-values. The
number of connections that are different is much smaller than
the number of common connection as expected. The largest
subnetwork in the differentially connected network is related
to the fatty acid oxidation pathway including FAA2, PXA1,
PXA2, POX1, FOX1 and DBR1, shown in Figure 2. The
subnetwork is consistent with the literatures that ethanol
metabolism increases lipogenesis [26].

2.3

Comparing cis-eQTLs

One of goals in genetic gene expression studies is to find
what causal genetic variations (such as SNPs) give rise to
variations in quantitative traits (such as gene expression
traits and clinical traits) [13-14, 20]. One mechanism of
causal SNPs is to affect expression of the genes that
physically reside at the SNP locations, referred as cisregulation. And we refer the genes that are cis-regulated as
genes with cis-eQTLs. It has been shown that genes with
cis-eQTL are likely to be causal for gene expression
variations of many other genes [14, 20]. As the same yeast
segregants are used in the gluclose and ethanol data sets, the
genetic perturbations are exactly the same. However, when
cis-eQTLs derived from the two data sets were compared,
only half of cis-eQTLs are common, and half of cis-eQTLs
are unique to one condition, shown in Figure 3. It suggests
wide spread interactions between genetic and
environmental factors [28].
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Figure 3. Overlaps of genes with cis-eQTLs in glucose
and ethanol data sets.

observed in the system. Second, there are feedback loops in
biological systems that are prohibited in Bayesian networks.
Figure 5. A network representation with and without
latent variables.

3

Modeling a cell system

A cell system can be simplified as a network of nodes
representing genes, protein, miRNA and etc., shown in Figure
4. There are feedback loops to keep a biological system close
to a static state and feed-forward loops to regulate response
speed. Each node could be under cis genetic controls. A cell
exposes to an environment so that each node could be under
an environment control as well.
Figure 4. A simple view of a biological system.

In the following, we simulate different networks to
explain cis-eQTL differences that we observed between the
two data sets, then try to represent these networks as close as
possible using Bayesian networks.

3.1

A network with a single perturbation

Figure 6 shows a simple network with two nodes X and
Y that can maintain in a static state. The node X is under the
control of a cis genetic factor G and an environment factor E.
To make the system stable, we can represent the interrelationships between nodes as the following:

 x  a ( g , e) * y

b

 y  x n  c

(4),

where Y activates X, then X inhibits Y. When the genetic
factor G takes different genotypes, the X and Y are at
different static states (Figure 6).
Figure 6. A simple network work with a single
perturbation.

Even though Bayesian networks [14, 29-30] and related
causal network models [13, 31] have some successes in
reconstructing and elucidating biological networks
underlying phenotypical variations, there are some challenges
for using Bayesian networks to represent biological systems.
First, there are many variations that are not modeled in
Bayesian networks because either they are not observed or
are not included in Bayesian network reconstruction
processes. For example, an interaction will be introduced
between two independent nodes if a causal regulator is not
observed in the system (Figure 5). The situation can become
complicated quickly when multiple causal regulators are not

Depending on whether the genetic factor G and the
environment factor E are additive or interact with each other,
the static state difference corresponding to the genotype
difference changes or disappears under different
environments. These can explain cisQTL differences in the
two yeast data sets under different nutritions (Figure 7).
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Figure 7. The relationship of the genetic factor and the
environment factor in Figure 6 can explain cis-eQTL
differences observed in the two yeast data sets.

We simulated multiple data sets of 110 samples (the sample
size of the yeast data sets) using the network in Figure 6 with
different relationships between genetic and environment
factors, then added reasonable amount of noises. We
reconstructed Bayesian networks based on the simulated data.
The network structure GX, XY can be robustly
recovered.

3.2
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under the first environment condition, and the network
GXX, GYY, YZ, XY under another environment
condition.
When the data sets simulated under two
environment conditions were combined then were used in
Bayesian network reconstruction, the structure GXX,
GYY, YZ was recovered. The relationship between X
and Y is not recovered. However, when the two data sets
were discretized separately (using environment as the
partition variable) then were combined for the network
reconstruction, the YX was recovered. It is worth to note
that the reconstructed causal direction between X and Y are
different using the two data sets. One reason is that
relationships of YZ and ZX are linear, Z can be
marginalized out to give rise direct relationship YX.
Interventions at Z are needed to fully define direct causal
relationship between X and Y.
Figure 9. Interactions between genetic and environment
factors explain QTL differences in the two yeast data
sets.

A network with multiple perturbations

A simple network with multiple perturbations (shown in
Figure 8, can be represented as

 x  a ( gx, e) * z

b( gy , e)
 y n
x c

 z ~ y

(5).

Figure 8. A simple network with multiple perturbations.

By varying relationships between Gx and E as well as Gy and
E, we can drive the system into different static states (shown
in Figure 9). The corresponding different responses to
genetic variations can explain the complex QTLs for genes
with cis-eQTL under different conditions.
We simulated multiple data sets using the network in
Figure 8 with different genetic and environment factors
relationships, then reconstruct Bayesian networks using these
simulated data sets. For example of a data set shown in
Figure 9, we recovered the network GYY, XZ, YX

4

Discussion

Diverse high throughput technologies have been developed to
measure different biological entities. A number of efforts
have sought to integrate different data types like gene
expression, genotype, PPI, TFBS and literature data [15, 22,
32]. However, the networks resulting from such efforts are
still comprised of modules from which causal information or
detailed mechanisms at the gene level are not easy derived.
Bayesian networks can elucidate underlie biological network
in causal/reactive details. In addition to integrate data of
different types, one of challenges is how to integrate multiple
data sets of the same type. We showed that simple network
models with genetic and environment interactions can explain
cis-eQTL differences in two different data sets based on the
same yeast segregants. Using simulated data, we showed that
partition data based on environment is critical to recover true
networks. When the causal genetic variations in term of ciseQTLs are identified, we are further constructing downstream
networks that are regulated by the genes with cis-eQTLs.
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A study of genomic modules and intermodular networks for
understanding the operating system of life
Hye Young Kim and Jin Hyuk Kim
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Abstract— Higher eukaryotes’ phenotypes–the unique properties of a system composed of several genes and their
relations–are entirely different from a set of properties
of individual genes. During evolution, higher organisms’
genes become multipurpose and their phenotypic implication
become abstract. We hypothesize that an operating system
of life (OSL) exists in “genome space,” encoding a variety
of phenotypes and realizing them through chemical circuits
in “material space.” Genes’ generalization and abstraction
explain the necessity of “genomic modules,” each of which
encodes a unitary phenotype as a subroutine in the OSL.
A genetic network is a projection map of the OSL’s active modules on the interface between the two spaces. We
searched for genomic modules and intermodular networks
developed in differentiating cells with the density matrix that
mathematically defines a state of the system composed of
genes and their relations, and demonstrated the modules’
relevance to the phenotypes of differentiating cells.
Keywords: operating system of life, genome space, material
space, genomic module, intermodular network, density matrix

1. Introduction
Ways of understanding life phenomena have changed with
the history of biology. The study of molecular biology starts
from the observation of cells at the molecular level, with
an ultimate goal of comprehending the various biological
phenomena at that level. Molecular-level data under certain
conditions are interpreted based on the researcher’ reasoning
that is often founded on molecular interactions specific to the
given conditions. Such analysis is based on the supposition
that molecular level fully reflects the cell phenotype.
The advance of genome biology revised the significance
of non-coding DNA from the useless (junk) regions in
the genome to the regulatory regions for gene expression,
and the significance of the genome from the collection of
all genes to a digital information storage device [1]. This
understanding about the role of the genome, however, has
fixed on a passive role as a database for producing proteins
necessary for building protein networks. Most studies have
been based on the assumption that the expression of a gene
is subject to the regulation of the proteins, and molecular
circuits, including both RNAs and proteins, play an active
role in implementing phenotypes.

As genome-scale gene expression data has been accumulated, it has been shared by researchers world-wide for
analyses with diverse approaches, in fields such as bioinformatics, mathematics, and computer science. The genomescale studies are anticipated to open up the black box
between genome and phenome by using a large number of
analyses. The study of relationships among all of the genes
of the genome has been one of the most challenging subjects
in systems biology. However, it is not yet likely to reach
a consistent conclusion from different studies of the same
phenotype using different methodologies.
A system is defined as a set assembled with interrelated
or interdependent components. It exhibits the properties of
the whole entity itself, rather than the sum of the properties
of individual component [2]. The nature of highly evolved
systems depends on the organizing structure or protocol
more than the constituents. As a system, a living organism is
expected to exhibit its own properties–phenotypes, in other
words–different from the properties of its genes or proteins.
This is revealed in most eukaryotes as a difficulty in designating genes for specific phenotypes. It is generally accepted
that a set of genes express a certain phenotype together, as
well as that the function of each gene is becoming more
weakly associated with a specific phenotype as evolution
progresses. The evidence for a gene function’s generalization
and increasing distance from a phenotype is evidenced by
several phenomena, such as pleiotropy and genetic canalization [3]. What makes the phenotypes different from the
properties of individual genes in higher eukaryotic organism
brings about many questions not answered by investigative
methods based on conventional assumptions.
In the same way, a method for understanding life phenomena should be innovated by disassembling the existing
knowledge and theories of various disciplines and building a
new system of ideas, rather than by adopting their methods
straightforwardly. This will start from setting hypotheses
about the expression of phenotypes.

2. Hypotheses
Although recent studies in the life sciences have made
remarkable progress since molecular biology was developed,
there remain a number of questions unsolved [4]. Particularly, the human genome project (HGP) and the construction
of databases about functions of proteins and genes have
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been expected to supply enough information to solve the
questions explicitly. However, with only fragile conceptual
and practical bases about relations between genome and
phenome, it is difficult to associate normal or abnormal
phenotypes with bioinformatic data obtained from molecular
and high throughput experiments.
It is generally accepted that an organism is characterized
as a system. Consequently, general principles about systems
can be applicable to organismal systems. Both passive and
active evolution of a system can be attained through either
obtaining novel components or upgrading operating system.
In the case of an organismal system, adding new genes
can invoke evolution and improve phenotypes. Although
this strategy of evolution is efficient for relatively simple
organisms such as prokaryotes, it requires novel genes to
be added exponentially and results in the speed of evolution
slowing down as the complexity of an organismal system
increases. As a result, the system becomes too obese to be
properly regulated. Therefore, such a strategy of evolution
is not suitable for complex organismal systems.
The other strategy for a complex system to evolve is to
update the operating system, which manages the network of
components. In higher organisms such as humans, evolution
has accelerated and shows directionality. It has been found
that the number of genes is not related to the level of
evolution. For example, the number of genes of a human
does not greatly exceed that of other mammals. Therefore, it
is important to introduce the concept of an operating system
of life (OSL) into the explanation of the evolution of highly
complex organismal systems, which have a relatively small
number of genes and express a large number of phenotypes.
Although this can be a strategy of strong and rapid evolution,
it is premised on the generalization and abstraction of
properties of its components. This leads to the conclusion
that the operating system realizes the properties encoded
in itself by using generalized and abstract components of
a complex organismal system.

2.1 Dualism of Eukaryotes
The DNA of prokaryotes is mostly composed of genes
forming operons that can be reconstructed as a network
in a radiating form. Such a network is the structure of a
simple system, which consists of a minimal number of edges,
compared to the number of its components. It means that
properties (phenotypes) of a prokaryotic organismal system
are similar to properties of proteins or a gene set. Therefore,
the genome of a prokaryote plays the role of a database
for protein templates and the robustness of the properties
depends on the dynamic stability of a protein network. Consequently, the structure of a prokaryotic organismal system is
monistic. However, a eukaryotic organismal system consists
of both an OSL and various structural components. Their
features are quite different, so that they must be located in
different spaces. One is the genome space, defined as a space

consisting of a set of four symbols, i.e. {A, C, G, T}, which
is a kind of virtual space. The other is a material space,
characterized as a physical space in which biomolecules
compose chemical circuits. The OSL designs and regulates
the organismal system of higher eukaryotic lives in order to
realize phenotypes encoded in itself. A genome space can
be the only region in which the OSL can accumulate its
huge amount of information. Therefore, the structure of a
eukaryote spanning both spaces can be characterized to be
dualistic, in contrast to that of prokaryotes.

2.2 The operating system of life in genome
space
The concept of the operating system in biology has
already been suggested by Mattick [5]. However, the study
focused on the role of non-protein coding RNAs in organizing the operating system. As Nurse [1] stated, it is generally
accepted that the genome plays a role as a digital information
storage device. Such a basic hypothesis has been assumed
in almost all biological research and has also been applied
to any organism without distinction between prokaryotic
and eukaryotic ones. Eukaryotes have been considered to
be just extensions of prokaryotes. However, eukaryotes and
prokaryotes are different in many aspects, not only the
structure of their genomes, cytology, and molecular biology,
but also their life styles. The environments in which a given
prokaryote can live are limited to a narrow range because
they depend on proteins/genes specified for a limited range
of objects. As the properties of proteins (or genes) of eukaryotes undergo generalization and abstraction, the flexibility
of the properties in response to environmental changes has
enlarged. Sequential and combinatorial treatments of environmental changes in eukaryotic organisms certainly require
conceptualizing an elaborate regulating systems which can
be named the operating system of life (OSL). One of the
main tasks of the OSL becomes designing properties or
phenotypes of organismal systems during the evolution of
higher eukaryotic organisms. Conclusively, the evolution of
eukaryotic organism can be defined as the generalization and
abstraction of genes or proteins as well as the optimization of
phenotypes encoded in the OSL to environments. This will
explain how eukaryotic organisms maintain robustness of
essential properties and have reliable tools for fast evolution.
The OSL is a set of documents or executable programs
written with genes as words or commands and can be
described as one that is well-reconstructed by using pointing
addresses upstream and downstream of each gene.
Realizing the phenotypes encoded in the OSL requires
chemical circuits in the material space. The OSL emanates
information about the transcriptional activity of each gene
through chemical circuits wired in cytosol and receives
information about states of chemical circuits via transcription
factors, which plays a role as ports for the input of information. However, it is impossible for the OSL to respond
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to environmental changes, because both intracellular and
extracellular biochemical processes are too slow. In order to
solve this problem, experiences acquired through evolution
make it possible for the OSL to construct chemical circuits
that respond directly. The OSLs of eukaryotes sequentially
construct a chemical circuit and morphology according to
the tasks assigned to themselves. In biological words, this
can be described as the differentiation of eukaryotic cells.
Eukaryotic organisms can respond rapidly through chemical
circuits and in methods designed by the OSL. This can be
interpreted as homeostasis in the narrow sense.

2.3 Genomic modules
The essential properties of information of biological networks are the contents and tags for the destination, in
general. The information about gene activity would also
have the properties as contents and tags for the destination:
The concentration of mRNA and/or protein would encode
the contents of gene activity, and the protein structure (or
conformation) would address the information contents to the
target. This is nearly analogous to the nerve signal encoded
in the frequency of action potentials and the neural path
that delivers the signal to the destination. However, the
routes (communicatory channels) of information about gene
activity are physically indiscernible, unlike the neural information. It is thus not surprising that cytosol is a chaotic space
where the information responsible for every cellular event
is mixed up, as a number of kinds of proteins and mRNA
dwell in the cytosol. In this regard, the gene expression data
of total mRNA contains chaotic information, and therefore it
is necessary to establish a theoretical method to investigate
how the information about gene activity is transmitted, from
the chaotic gene expression data.
The information contents of gene activity can be quantified by calculating entropy, a function of the probability
of gene expression. Entropy is a measure
P of average information contents, defined as H = − x p(x) log p(x),
where p(x) is the probability that a dynamic system will
dwell in the state x. While the gene expression profiles of
the whole genome contains information for all phenotypes
(properties) expressed in the biological system, it does not
yield information for a specific phenotype. For this reason,
the entropy of the gene expression data as a whole would
be relatively high, even though it is not as high as the
entropy of random data. The information tags of genes
would be mostly addressed to the genes working for the
same phenotype together. The OSL of a eukaryotic organism
is composed of modules encoding unitary phenotypes by
their accumulation and organization. The unitary phenotype
encoded in a genomic module must be independent of others,
but it must be harmonious with others. The independence of
the phenotype of each module can be ensured by a minimal
number of communicatory channels between modules. In
addition, exchanges of information encoding parameters
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through the channels can maintain harmonies among unitary
phenotypes encoded in genomic modules. Therefore, genes
in a module must show a high similarity in their expression
profiles and a genomic module would attain low entropy.
Furthermore, the minimal cut and maximal flow of graph
theory should be applicable to genomic modules.

2.4 Genetic networks
As the OSL realizes the necessary phenotypes through
chemical circuits, mRNA, which contains the information
on phenotypes to be realized, is the first observable media
out of the genome space. Expression of mRNA is determined
by the scenario of the OSL in the genome, and the role of
transcription factors is the same as the information port for
monitoring the states of chemical circuits. In this regard,
mRNA can be considered to be a window to observe
the activated part of the OSL. Technically, it is, however,
impossible to continuously monitor the changes in the total
mRNA. The sampling of mRNA means that continuously
transmitted information is projected on a finite dimensional
space. Accordingly, an information flow encoded in the
observed mRNA can be considered as a projection map of
the activated part of the OSL onto the interface between the
genome space and material space. This can be reconstructed
into a network, i.e. a genetic network. The local section
of the genetic network that has the minimum entropy and
maintains the minimal cut and maximal flow is a genomic
module.

Fig. 1: A summary of hypotheses of the dualistic structure
of life phenomena of the higher eukaryotes
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3. Implementation
3.1 The density matrix and entropy of a genomic module
To rearrange the chaotic information of all the genes
of the whole genome in order, it is necessary to find the
optimal gene sets, each of which attains low entropy and
maximizes the sparsity of communicatory channels with
one another. However, it is not necessary for a genomic
module to have a clear-cut boundary. The separability need
not be an all-or-none property but can be assessed in a
graded fashion [6]. Considering a gene would participate
in more than one biological process, a gene should not be
confined to one module. Thus, we define a minimal group
of genes expressing a phenotype as a genomic module and
assume that the flow of information among genomic modules
would determine the characteristics of life phenomena. The
property of a genomic module should be evaluated with the
measure of the state of a system. A density matrix [7] is an
operator that can mathematically define the state of a system,
different from the summary measures of the probabilities
of individual components. A density matrix of a genomic
module candidate can be defined as follows.
Suppose a row vector hgα | as a set of gene expression
levels of a gene gα , measured at m different samples
[gα1 gα2 . . . gαm ]. Here, hgα | is a state vector represented
on a point in an m-dimensional space. Because the gene
expression vector is obtained from the simultaneous measurement of the total mRNA and the activity of a gene is
dependent on the other genes’ activities, we suppose a set of
orthonormal vectors {hvi | : i = 1, 2, ..., m} that constitute a
gene expression vector hgα | such as
hgα | =

m
X

Cαi hvi |

(1)

i=1

where Cαi is the coefficient of the orthonormal vector hvi |
for gene gα . With the understanding that the gene expression
level is systematically determined for a certain event, we can
suppose a common set of the orthonormal vectors for all
genes in a module candidate, which satisfies equation (1).
A density matrix of a module candidate that contains NM
genes can describe the statistical states of all genes with
(M)
(M)
dyads {|vi ihvi | : i = 1, 2, ..., m}, the one-dimensional
(M)
projection matrices onto the directions {hvi |}. It can
also be used for obtaining a Bayesian probability for an
elementary event [8], [9]. A mixture of dyads generates a
density matrix, such as
ρM =

m
X

(M)

λi

(M)

|vi

(M)

ihvi

|

(2)

i=1
(M)

(M)

(M)

where λi is the probability of the state |vi ihvi | of
an ensemble of the oscillatory system. Equation (2) yields

the probability that genes in the module candidate would be
(M)
(M)
dwelling in a state |vi ihvi |, such as
(M)

λi

(M)

= hvi

(M)

| ρM |vi

i,

(3)

and the Shannon entropy of a genomic module candidate can
(M)
be calculated with the probabilities {λi : i = 1, 2, ..., m},
such as
m
X
(M)
(M)
S(ρM , VM ) = −
λi log λi .
(4)
i=1

The density matrix can be basis-independent, such as
ρM =

NM
1
1 X
|gα ihgα | = G>
GM
Z α=1
Z M

(5)

where GM is a gene expression matrix, composed of row
vectors {hgα | : α = 1, ..., NM }, and Z is a normalization
constant
P that makesthe trace of ρM to be one, such as Z =
NM
Tr
= Tr G>
M GM . The von Neumann
α=1 |gα ihgα |
entropy of the information of a genomic module can be
defined as
H(ρM ) = −Tr (ρM ln ρM ) .
(6)
Here, S(ρM , VM ) ≥ log e · H(ρM ) and the equality is
(M)
held when {λi } is measured at the optimum orthonormal
(M)
system of the states, i.e. {hvi |} is the eigenvectors of the
density matrix. An uneven distribution of the probabilities
(M)
(M)
indicates low entropy. On condition that λ1 ≥ λ2 ≥
(M)
(M)
· · · ≥ λm , λ1 is particularly the complement of the
(M)
degree of inseparability to one [6]. Actually, λ1 becomes
more dominant as a gene module gets trimmed to decrease
(M)
the entropy. A high λ1 also means a large variance of
(M)
data along the axis hv1 |. If a group of genes has a low
entropy, then the data has a high directivity in the distribution
(M)
along the axis hv1 | of the space defined by its eigensystem.
The significantly low entropy is a necessary condition of a
genomic module that would have a high separability to the
(M)
total genes and a highly dominant axis hv1 |.

3.2 Genomic module search
The genomic module candidates were initially set with kmeans clusters, and successive refinement and enrichment
[10] generated 94 genomic modules from 18,181 genes
of the neural precursor cells developed from the hES cell
line H-9 (University of Wisconsin, USA). The entropy of
each genomic module was stabilized at a low level by
increasing λ1 of each genomic module to be higher than
0.8. The properties of genomic modules should be analyzed
in the network that realizes the properties of the system
with the modules. However, reconstructing and analyzing
the properties of the network requires some knowledge that
can be used in evaluating the modeled network. A literature
search about the genes in each module can be a hint for
evaluating the genomic modules.
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For example, module 45 is expected to respond first to
the induction of differentiation, i.e., the withdrawal of basic
fibroblast growth factor (bFGF, aka FGF2) from medium.
This module contains FGF18, a pleiotropic growth factor
known to be expressed in several areas, including the midbrain, lung, and muscles, during embryonic development,
and partly considered to compensate for the role of bFGF
in skeletal development and formation [11]. Among genes
in this module, follistatin (FST) and left-right determination
factor 2 (LEFTY2, aka TGFB4) were reported to precipitate
hESC differentiation by inhibiting Activin/Nodal signaling,
on condition that bFGF is withdrawn [12], [13], [14]. It
is known that TGFβ/Activin/Nodal signaling is necessary
for the maintenance of pluripotency in hESCs [15], and
the withdrawal of bFGF stimulates TGFβ signaling [16].
The TGFβ signaling pathway is one of the pleiotropic
(generalized) pathways, which is involved in various cellular
processes, such as cell growth, cell differentiation, and
apoptosis. Module 45 also includes TGFB3, a member of
the TGF family, as well as PMEPA1, one of the targets
of TGFβ signaling pathway [17], and RGC32, which is
known to mediate cell proliferation when activated by TGFβ
[18], [19]. The fact that module 45 contains genes that are
necessary to TGFβ signaling indicates that it can play the
role of the source node in discharging information within
the modular network.
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and taking the first row of the m × N matrix WM . Because
the whole gene expression matrix G is usually a non-square
matrix, one of the ways to obtain WM that satisfies equation
(8) is to multiply the pseudoinverse matrix of G with both
sides of equation (8), as in
> +
WM = VM
G .

(9)

Equation (7) signifies that the influence of genes on a
module would dominate the expression of genes in the
module. In this regard, the genes that have significantly
(M)
high coefficients to compose hv1 | can be the connective
genes that transmit information between modules. An edge
between two modules is directed from the module containing
the connective genes to the other one. The connective genes
whose weight coefficients for a module were the significant
outliers (p <1E-9) of the distribution were selected. The
successive search of the edges for each module results a
modular network (Figure 2).

3.3 Intermodular network search
Considering that a genomic module has a low entropy of
information, consists of genes connected by dense communicatory channels with each other, and shares sparse communicatory channels with other modules, genomic modules
and the sparse intermodular communicatory channels can
be the nodes and edges of an intermodular network. An
intermodular communicatory channel represents the existence of genes that would relay information for establishing
the phenotypic axes of a genomic module. In this regard,
(M)
the mostly dominant axis of a genomic module, hv1 |,
representing the most apparent property of the module,
can be thought to be influenced by genes that relate to
(M)
the module. Then hv1 | can be assumed to be a linear
combination of expression vectors of genes in/out of the
given module, such as
(M)

hv1 | =

N
X

(M)

w1α hgα |

(7)

α=1
(M)

where w1α is the coefficient of gα in the total gene set G for
(M)
(M)
contributing to form hv1 |. The coefficients {w1α : α =
1, ..., N } can be obtained by expanding equation (7) to all
>
the eigenvectors of the module, VM
, such that
>
VM
= WM G

(8)

Fig. 2: An intermodular network obtained from differentiating hES cells.

3.4 Information flow on the intermodular network
Supposing each of the directed edges in a modular network to be the graphically represented target address of
the integrated information of the connective genes in a
module, a modular network can be interpreted as a directed
graph. Then the problem of searching for the major flow
of information in the modular network is equivalent to the
maximum-flow problem in a graph algorithm. The maximum
rate at which information content can be transmitted from
an individual gene would be considered a constant because
a gene expression level is saturated at a maximum level.
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In this regard, the capacity of an edge was considered
proportional to the number of the connective genes. The flow
of information was then traced by solving the maximum-flow
problem in the modular network. To determine a source and
a sink of the modular network, which respectively means
the nodes of initiation and termination of the information
flow, we iteratively extended a path from each module
by applying the breadth-first search (BFS) algorithm [20].
The most frequently found starting node was selected as
the source of the maximum flow, and all ending nodes
were assigned as the sinks. This single-source, multiplesink network can be converted to a single-source, singlesink network by adding a supersink and edges with infinite
capacity from the multiple sinks. Finally, we searched for
the route in which the greatest rate of information would
transmit from the source to the supersink. Among several
graph algorithms for solving the maximum-flow problem,
we chose the relabel-to-front algorithm, the heuristic version
of the push-relabel algorithm [20]. In particular, module 45
was most frequently found to be the starting node.

All BFS paths extending from the 94 modules were united
into a hierarchical network where module 45 was placed on
the top. Starting from module 45, the possible routes along
which the maximum contents of information would flow
were searched for. The capacity of an edge can be considered
equivalent to the number of the connective genes, based
on the presumption that the maximum rate of information
content transmitted by each individual gene is equal. When
the maximum rate of information content was forced to be
discharged from the source, only a small number of edges
in the hierarchical network were found capable of carrying
the information. A flow from module 45 to 30, 13, 44, and
43 was found to be the main stream of the modular network
(Figure 3).
To understand the information flow of the modular network, modules 45, 30, 13, 44, and 43 were studied with a
gene ontology search based on Monte Carlo trials of 10,000
random samples of the same size of a given module. We
arbitrarily selected keywords from GO annotations of the
biological processes in the Gene Ontology database [21],
considering the phenotypes specific/irrelevant to differentiating stem cells. Among biological processes represented
by the keywords, those specific to the formation of the
nervous system were more significant downstream of the
information flow. The significance of neuron differentiation
and cell fate obviously increased with the topological order of the modules, and cell differentiation also became
increasingly significant. It is noticeable that in module 45,
neuron differentiation and cell fate were not significant
at all, despite the fact that synaptic events and nervous
system development were highly significant. Figure 4 shows
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Fig. 3: The main stream and branches of the maximum flow
of information. The maximum flow of information has a
main stream starting from module 45 to module 30, 13, 44,
and 43, and each of those modules have branches of the
maximum flow.

that module 30 would exhibit a distinct composition of
biological processes. Synaptic events, and nervous system
development were not significant at all in module 30, while
cell proliferation and cell cycle were significant in module 30
only. In addition, cell adhesion and morphogenesis were far
more significant than the others. The significance of growth
showed a decreasing pattern over the flow of information. As
a result, the significance of biological processes required for
cell division (i.e., cell cycle, cell proliferation, and growth)
and neural differentiation (i.e., cell differentiation, cell fate,
neuron differentiation, nervous system development, and
synaptic event) was separable in module 13 and 44, and
completely separated at both extremes in module 43.

4. Discussion
The diversity in relationships between genes that creates
the diversity in cell phenotypes can be made tangible by the
search for the information flow among the genomic modules.
The successful inference of the genomic modules will make
it possible to explore the information flow by generating
networks with the calculation of the density matrix, entropy,
and coherent information. This is expected to contribute
to the study for understanding the dynamics of the gene
expression system underlying the cell phenotypes, which is
generated from its basic characteristics and internal/external
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Fig. 4: The changes in p-values of 10 keywords about neural
differentiation and cell division/tissue organization in the
principal modules.

environmental influences. The success of this study demonstrates the possibility of deductive reasoning in the study of
life science. This study is also expected to be fundamental
research for understanding life phenomena as phenotypes
implemented by the genome that designs and regulates the
properties of life as a system and extends the vision about
life, which used to be understood as a collection of mosaic
events.
The knowledge collected from the study of individual or
selections of a few genes can be useful, but not enough to
explain the systemic expression of phenotypes. To obtain
a balanced solution including all genes in the problem of
differentiation of stem cells, we developed a methodology
of reconstructing an intermodular genetic network that had
evolved in higher eukaryotic organisms, using gene expression data and mathematical reasoning, and traced the
information that flows through the network. Although the
huge network was only partially interpreted, the findings
show a possibility that the intermodular genetic network is
an answer to the problem of the differentiation of stem cells.
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Abstract—Deciphering the biological networks underlying
the complex phenotypic traits such as human diseases is no
doubt crucial to understand the molecular mechanisms and to
develop effective therapeutics. Because of the complexity of the
networks and relatively a small number of experimental interrogations that are available, it makes the data-driven modeling
a great challenge to deduce the functional roles of a gene or
protein in the network as well as their roles in the phenotype
formation. We propose here a novel knowledge-driven systems
biology method that utilizes qualitative knowledge to construct
a Dynamic Bayesian network (DBN) to represent the biological
network underneath a specific phenotype. Edges in this network dedicate the physical interactions between genes and/or
proteins. A qualitative knowledge model first translates a set
of typical molecular interactions into a group of constraints
when resolving the DBN structure and parameters. Therefore,
the uncertainty of the network is restricted to a subset of
models which are consistent with the qualitative knowledge.
All the dynamic Bayesian models satisfying the constraints
are considered as a candidate for the underlying network.
This class of consistent models is used to perform quantitative
inference which can be approximated by Monte Carlo methods.
By performing in-silico inference, we can infer the outcomes
when perturbing the network and consequently, we can predict
phenotypic traits upon genetic interventions. We have applied
our method to analyze the puzzling mechanism of the breast
cancer cell proliferation program. We show that our method
accurately predicts carcinoma cell growth rate alterations by
manipulating (anti-)cancerous marker genes/proteins.

Keywords:

Bayesian Networks, Probabilistic Inference,
Knowledge-based method, System Biology, Breast Cancer

I. I NTRODUCTION
The topology and the dynamic realization of genetic
networks often play a dominant role in phenotype formation. In order to understand the cause of a disease and/or
develop effective therapeutics, it is important to understand
the function and regulation of the underlying biological
network. In recent years, studies on this problem have been
focused on the data-based (reverse engineering) approaches,
i.e. modeling a biological network from the experimental
data by machine learning algorithms, such as learning a
genetic regulatory network (GRN) from microarray data
using a Bayesian network [1]. In this case, a single Bayesian

model is fitted into the data by maximizing the posterior
probability. However, in reality, due to the relatively much
smaller amount of experimental data available compared
to the size of the genetic regulatory network, the learned
network often contains a small number of reliable (confident)
edges. In addition, the conventional Bayesian network cannot
capture cyclic structures in the real biological systems,
which often results in inaccuracy and/or error. Algorithms of
learning cyclic structures from microarray data with dynamic
Bayesian network has been proposed [2]. However, these
algorithms often need a large amount of data in time-series,
which is not necessarily available. Moreover, biological
networks consist of various interactions, such as proteinprotein and protein-DNA interactions. Due to the variation
of the techniques used to generate these data, discrepancies
between experiments and various types of data often make
the data-driven approach difficult.
Besides, there are plenty of qualitative statements in
literature. For example, TGFβ stimulates tumor invasion
and metastasis. This statement indicates a direct functional
relationship, stimulation, between a cytokine, TGFβ and a
phenotype, tumor invasion and metastasis. Such a statement
is only a qualitative description with uncertainty and it
lacks quantitative information. Nevertheless, the statement
is a concrete conclusion supported by various evidences
obtained from different experimental measurements including microarray, Elisa array and northern assays. Qualitative
statement is often a summary of the most prominent and
consistent observations in multiple studies and thus should
be treated as the most confident information in modeling the
underlying biological network. The rest of less significant
yet possible knowledge which are not often emphasized in
the publication may still be captured in the learned Bayesian
model using the data-based reverse engineering approach.
Consequently, it is very important to system biology to
develop methods of using these high-confident and wellconcluded qualitative statements in the literature (no quantitative experimental data is involved) to establish a genetic
network in a phenotype (e.g. cancer). In such networks,
vertex indicate cellular molecules at multiple levels, such as
protein and RNA molecular. Direct edges from any node(s)
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to other node(s) in the network represent direct functional
regulations from the parental node(s) to the child node(s).
Given this genetic network, it is imperative to parameterize
its structure so that we can use it to interrogate new genetic
programs and discover new knowledge about this network
and its associated biological phenotypes.
Unfortunately, a major hurdle of developing this
knowledge-based approach is the lack of quantitative parameterization information that is crucial for performing
quantitative inference. Thus, the problem boils down to
constructing parameters from the qualitative statements and
encodes these parameter and structure information into a
mathematical model for quantitative manipulations. In this
paper, we proposed a knowledge-based predictive framework for modeling the recurrent genetic networks based
on dynamic Bayesian networks given a set of qualitative
knowledge and performing quantitative inference.
(Dynamic) Bayesian networks (DBN) are a popular class
of graphical probabilistic models which are motivated by
Bayes’ theorem [3]. DBN represent a joint probability distribution over a set of variables. Once known, this joint
distribution can be used to calculate the probabilities of
any configuration of the variables. In Bayesian probabilistic
inference, the conditional probabilities for the values of a
set of unconstrained variables are calculated given fixed
values of another set of variables, called observations or
evidence. Bayesian models have been widely used for efficient probabilistic inference and reasoning [4], [5], and
numerous algorithms for learning the Bayesian network
structure and parameters from data have been proposed [6],
[7], [8]. However, as we have discussed above, although the
maximum a posteriori approximation, i.e., the selection of
a single Bayesian network model from the data by learning, is useful for the case of large datasets, independence
assumptions among the network variables often make this
single model vulnerable to overfitting. In realistic problems,
the data basis is often very sparse and hardly sufficient to
select one adequate model, i.e., there is considerable model
uncertainty. Selecting one single Bayesian model can then
lead to strongly biased inference results.
In our method, we recruit a qualitative knowledge
model [9] to map major types of genetic interactions, i.e.
i) transcript factor-DNA regulation and ii) protein-protein
interactions, to set a group of constraints over the structure
and parameter space of the dynamic Bayesian networks.
Especially, the qualitative properties of the statements are
dealt with by transforming the fuzziness of these statements
into a set of prior joint probability distributions over the
nodes in the dynamic Bayesian networks. The genetic networks is restricted to a subset of models that are consistent
with a body of qualitative knowledge. All dynamic Bayesian
models satisfying the constraints over the joint probability
space are considered as a candidate for the underlying
biological network. This class of consistent models is used
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to perform quantitative inference which can be approximated
by Monte Carlo methods. This knowledge-based quantitative
Bayesian network modeling algorithm preserves the actual
network topology derived from knowledge and is able to
capture both "correlation" (joint probability) and "causal"
(conditional probability) relations in the Bayesian network.
When we combine qualitative statements from various studies, statements targeting the same genetic interaction may be
inconsistent. In this case, they can be integrated into a unified
representation by calculating a priori distribution over the
statements [9]. In section 2, we present the quantitative
inference methods with dynamic Bayesian model based on
a set of qualitative statements. In section 3, we apply our
framework to model the cell proliferation network in breast
normal and carcinoma cells and predict cell growth upon
interventions. Conclusions are made in section 4.
II. M ETHOD
In this section, we suggest a way to use qualitative relational statements for inference in the Bayesian framework.
We proceed from the general equation for Bayesian inference
based on data and knowledge, followed by a detailed recipe
to transform knowledge, represented by a set of qualitative
statements, into an a priori distribution for models.
A. Bayesian Modeling and Inference
A Bayesian model m represents the joint probability
distribution of a set of variables X = X1 , X2 , ..., XD [7].
The model is defined by a graph structure s, which defines
the structures of the conditional independence between variables, and a parameter vector θ, the components of which
define the entries of the corresponding joint probability
tables (CPTs). Hence, a Bayesian network can be written
as m = {s, θ}. If we believe that one single model m
reflects the true underlying distribution, we can perform
inference based on this model. Given some observations or
"evidence" E, reflected by fixed measured values of a subset
of variables, Xe = E, we wish to query on the distribution
of the subset of remaining variables X = Xq . It is provided
by their conditional probability given the evidence in light
of the model,
P
h P (X = Xq , Xe , Xh )
P
P r(X|Xe ) =
h qP (Xq , Xe , Xh )
= P r(X|E, m)
(1)
which can be efficiently evaluated with known methods [2].
The full Bayesian framework does not attempt to approximate one true underlying distribution. Instead, all available
information is used in an optimal way to perform inference,
without taking one single model for granted. To formalize
this statement for our purposes, let us classify the set of
available information into an available set of data, D, and
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a body of non-numeric knowledge, Ω. The a posteriori
distribution of models m is then given by
P r(D|m) P r(m|Ω)
.
(2)
P r(m|D, Ω) =
P r(D, Ω)
The first term in the numerator of eq. (2) is the likelihood
of the data given the model, which is not directly affected
by non-numeric knowledge Ω, the second term denotes
the model prior, whose task is to reflect the background
knowledge. We obtain
1
P r(m|D, Ω) = P r(D|m)P r(m|Ω),
(3)
Z
where Z is a normalization factor which will be omitted
from the equations for simplicity. The first term contains the
constraints of the model space by the data, and the second
term the constraints imposed by the background knowledge.
In the full Bayesian approach, we can perform inference by
model averaging. Now, given some observation or evidence
E, the (averaged) conditional distribution of the remaining
variable X is performed by integrating over the models:
Z
P r(X|E, D, Ω) =
P r(X|E, m)P r(m|D, Ω)dm
Zm
=
P r(X|E, m)P r(D|m)P r(m|Ω)dm

According to Eq. 6, in order to construct a prior distribution of the models, we use each statement to constrain
the model space to the subspace which is consistent with
that statement. In other words, if a statement describes
a relationship between two variables, only structures sk
which contain the corresponding edge are assigned a nonzero
probability P r(sk |Ω). Likewise, only the parameter values
(joint probability) on that structure, which are consistent with
the contents of that statement, are assigned a nonzero probability P r(θ|sk , Ω). If no further information is available, the
distribution is constant in the space of consistent models.
Inference is carried out by integrating over the structure
space and the structure-dependent parameter space:
K Z
X
P r(X|E, Ω) =
P r(X|E, sk , θ)P r(sk , θ|Ω)dθ.
k=1

Θk

(7)
As we utilize the non-numeric knowledge in terms of qualitative statements about a relationship between biological
molecules in a cell, we hypothesize that Ω contains a list
of qualitative statements on cellular molecular interactions.
In this form, the information can be used in a convenient
way to determine the model prior, eq. (6): (i) Each entity
which is referenced in at least one statement throughout the
m
list is assigned to one variable Xi . (ii) Each relationship
(4)
between a pair of variables constrains the likelihood of
In this paper we consider the extreme case of no available
an edge between these variables being present. (iii) The
quantitative data, D = ∅. Even in this case, it is still possible
quality of that statement (e.g., "activates", "inactivates")
to perform proper Bayesian inference,
affects the distribution over the local conditional probability
Z
distributions (CPDs) entries given the local structures. The
P r(X|E, Ω) =
P r(X|E, m)P r(m|Ω)dm.
(5)
joint probability (θ in Eq. 6 and 7) can be decomposed into a
m
product of CPDs of the conditionally independent variables
Now the inference is based on the general background inin the network. Thus, in the most general case, the statements
formation contained in Ω alone, and the specific information
can be used to (indirectly) shape the joint distribution over
provided by the measurements E. This is reflected by the
the class of all possible Bayesian models obtained from Ω.
fact that inference results are conditioned on both quantities
In other situation, such as chain graph, the statements can be
in eq. (5).
used to (directly) shape the joint distribution over any subset
In order to determine P r(m|Ω), we need a formalism to
of variables in the network connected by undirected edges.
translate a body of qualitative knowledge into an a priori
In addition, these statements can constrain the model paramdistribution over Bayesian models. For this we adopt the
eters with either linear inequality or non-linear inequalities.
following notation for a Bayesian model class. A Bayesian
In this way, a broad diversity of cellular process can be
model is determined by a graph structure s and by the
captured by our approach.
parameter vector θ needed to specify the conditional probability distributions given that structure. We refer to θ as
B. Dynamic Bayesian Network Inference with Qualitative
one specific joint configuration. A Bayesian model class
Knowledge
f
M is then given by (i) a discrete set of model structures
e
In this section, we give the detail receipt of probabilistic
S = {s1 , s2 , . . . , sK }, and (ii) for each structure sk a
inference in DBN with only qualitative statements. Please
(eventually continuous) set of CPT configurations Θk . The
f of that class is
note that, from now on, m stands for a Dynamic Bayesian
set of member Bayesian models m ∈ M
network [2] in stead of a static Bayesian network (BN). A
then given by m = {(sk , θ)|k ∈ {1, . . . , K}, θ ∈ Θk }. The
dynamic Bayesian network (DBN) [10] is a way to extend
model distribution now reads
Bayes nets to model probability distributions over semiP r(m|Ω) = P r(sk , θ|Ω)
infinite collections of random variables. We only consider
P r(θ|sk , Ω)P r(sk |Ω)
discrete-time processes, and we increase the index t by one
. (6)
= PK R
P
r(θ|s
,
Ω)dθP
r(s
|Ω)
every time. The variable probability is exclusively dependent
a
a
a=1 Θa
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on its last step parents state which makes a DBN Markovian
process. The conventional Bayesian networks is acyclic
graph. Thus, we use Dynamic Bayesian Networks (DBN) to
model the recurrent molecule interactions in cells and it can
be unrolled into a series of 2-Time-Slice Bayesian Networks
(2TBN) over time. Each 2TBN is a conventional Bayesian
model with time-invariant inter-slice structure s and joint
probability distributions θ over the nodes X at time t and
(t − 1), i.e. P (X t , X t−1 ). If time starts from t=0, the joint
probability of a DBN over time T is
P (X 0 , . . . , X T ) = P (X 0 )

T
Y
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Only the structure which is consistent with the hypotheses
is assigned with non-zero probability P (sk |Ω). Likewise,
only parameter values on that structure, which are consistent
with the contents of the hypotheses, are assigned a nonzero
probability P (θ|sk , Ω). If no further information is available,
the distribution is constant in the space of consistent models.
Now, we can perform inference on the marginal probability
of Xn at time t in each DBN model mk according to Eq. 10
P (Xn,t |E, sk , θ) =

J
X

θk,j Pjt−1 (π(Xn ), E)

(12)

j=1

P (X t |X t−1 )

(8)

where θk,j represents the j-th entry of the CPT in k-th DBN
model. E denotes the evidence of the observed nodes and
Pjt−1 (π(Xn ), E) denotes the joint probability distribution
For t-th 2TBN, the joint probability of X at time t, i.e.
of the j-th configuration of the parent nodes π(Xn ) at time
P (X t ) can be written as
Z
(t − 1) given the observation E. Therefore, the quantitative
P (X t ) = P (X1,t , . . . , XN,t ) =
P (X t |X t−1 )P (X t−1 )inference in Eq. 11 can be calculated by
t=1

X t−1

(9) P (Xn,t |E, Ω)
K Z X
J
X
where Xn,t denotes the n-th node at time t. The child nodes
=
θk,j Pjt−1 (π(Xn ), E)P (s, θk,j |Ω)dΘ
Θ
in the t-th 2TBN, Xn,t , are independent given the parents,
j=1
k=1
i.e. the nodes at time (t − 1). The posterior probability
(13)
distribution of each nodes at time t, i.e. P (Xn,t ) in Eq. 9
The inference in Eq. 13 can be calculated can be performed
can be calculated by integrating over the parents as in the
for each model mk = (sk , θ) over time T and the predictions
case of conventional Bayesian network,
f.
are averaged over all models in the model class M
Z
P (Xn,t ) =
P (Xn |π(Xn ))P (π(Xn ))dπ(Xn )
π(Xn )
C. Qualitative Knowledge Model
J
X
1) Constraints over Joint and Conditional Probability
=
θj Pjt−1 (π(Xn ))
(10)
Space:
In this paper, we recruit the qualitative knowledge
j=1
model in [11] to translate the “causal”(causal-like) qualwhere θj denotes the j-th entry in the conditional probability
itative statements into constraints over conditional probtable of node Xn given its parents. Pjt−1 (π(Xn )) represent
ability distribution. In addition, we define here a novel
the joint probability of j-th configuration of the parents
form of inequality to translate the “correlate”(correlatestates at time (t − 1). The posterior probability distribution
like) qualitative statements into constraints over joint probof X t can be used as the priori probability for the next
ability distribution. The joint probability distribution of
time step. Thus the posterior probability P (Xn,t ) can be
a DBN and BN (θ in Eq. 6 and 7) can be decomcalculated iteratively over time t = {0, . . . , T }. More effiposed into a product of local conditional probabilities of
cient algorithms have also been developed to perform exact
each child node given its parental nodes in the network,
probabilistic inference in DBN, such as junction tree, frontier
i.e.,P r(Xn , π(Xn ))=P r(Xn |π(Xn ))P r(π(Xn )). The conalgorithm and interface algorithm [2]. As demonstrated in
ditional probabilities θk,j in Eq. 12 and 13 denotes the jthe last section, if there is a set of qualitative knowledge
th CPT entry in k-th dynamic Bayesian model. (Here we
retrieved from a publication which defines a class of models,
assume the Dynamic Bayesian network parameters are timewith the structure and its associated parameter space, the
invariant). In general case, it is equivalent to use either
inference with full Bayesian approach is calculated by intejoint or local CPDs to parameterize a BN and DBN’s
grating the inference in each model weighted by its posterior
structure since these two distributions can be calculated from
probability given the set of hypothesis as in Eq. 7. The
each other. However, it is still worthy to distinguish them
inference can be written as
in a modeling task depending on the specific information
K Z
X
that qualitative statements provide. In case the qualitative
P (Xn |E, Ω) =
P (Xn |E, sk , θ)P (sk , θ|Ω)dθ
statements explicitly specify a direct functional regulations
k=1 Θk
between molecules, it is desired to translate this “causal” (or
1 X
causal-like) relationships into constraints on the conditional
(11)
≈
P (Xn |E, mk )
K m
probability distributions. In case the qualitative statements
k
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indicates two or more molecules’s level correlates to each
other, it is more proper to transform this “correlate”(or
correlate-like) relationship to constraints on the joint probability distributions instead of conditional probability distribution. In case of two or more molecules correlate to
each other, the edges among these molecules are undirected
resulting in a mixture of directed and undirected graph if
“causal” relationships present among other variables in the
network.
2) Correlate Influence: Definition 1. If a child node B
has a neighbor node(s) A and these nodes impose isolated bidirectional influences from one to the other, then qualitative
influence between this node and its neighbor node(s) is
referred to as Correlate influence. Correlate influence can
be further classified into positive correlation and negative
correlation.
Definition 2 If presence/absence of one node A or B renders
the presence/absence of neighbor node(s) B or A more likely
than only one of them is present and the other is absent, then
these nodes is said to have a positive correlate influence on
each other. This can be represented by the inequality
P r(A, B), P r(A, B) ≥ P r(A, B), P r(A, B)

(14)

Definition 2 If presence/absence of one node A or B renders
the presence/absence of neighbor node(s) B or A less likely
than only one of them is present and the other is absent, then
these nodes is said to have a negative correlate influence on
each other. This can be represented by the inequality
P r(A, B), P r(A, B) ≤ P r(A, B), P r(A, B)

(15)

III. E XPERIMENTS
We apply our method to investigate the underpinnings
of the mammary epithelial carcinoma cell proliferation and
to predict the breast cancerous cell growth upon genetic
interventions.
As the first step of our experiment, we model the core
genetic network of breast cancer cell proliferation program
by collecting qualitative knowledge on the direct regulations.
In our model, each node represents either a gene or a protein
and each edge describes either a physical transcriptional
binding or a protein-protein interaction. In addition, an
artificial node is added to denote the phenotype, i.e. cell
proliferation. Several cell-cycle regulating proteins in the
signaling pathway(s) are determined to be the direct cause
of cell proliferation in breast cancer. Therefore, we could
link these proteins to this phenotype.
Secondly, we transform this network into a mathematically manipulatable representation with a directed cyclic
structure. For this purpose, we utilize dynamic Bayesian
model which encodes these physical interactions into a
(cyclic) directed graph with conditional probability distribution (CPD).

Lastly, we perform two sets of in-silico intervention
simulation in various human breast cancer as well as normal
mammalian cell lines. Specifically, we both knockdown and
over-express two cell-cycle regulator: cyclinD1 and TGFβ.
Upon interference, our method (in section 2) quantitatively
predicts the level of cell proliferation in these breast cancer cell lines. In the first prediction, we evaluate the cell
growth rate in MCF-7 breast cancer cell in the case that
cyclinD1 is interfered. In the second simulation, we predict
the cell proliferation rate in three distinct human mammary
cell lines: i) human normal mammary cell line MCF-10A;
ii) human breast cancer cell line: MDA-MB-231 and iii)
RAS/ErbB2-transfected breast carcinoma cell line: MCF10A(Ras/ErbB2).
A. Mammalian Cell Proliferation Network
Deregulated cell cycle activity is one of the main cause
for cancer development, such as breast carcinomas. The cell
cycle is controlled by a set of regulators which forms a
complex system including the cyclins, cyclin-dependent kinases (CDKs), and CDK inhibitors. The progression through
the cell cycle requires sequential activation and inactivation
of these modulators. The complex signaling networks and
pathways mediated by cytokines and hormones can influence
cell proliferation in positive or negative ways and activates a
cascade of intracellular biochemical events and is ultimately
responsible for the biological phenotypic observations.
Among these pathways, signaling from transforming
growth factor β (TGFβ) plays key roles in regulation of a
wide variety of biological end points from early embryonic
patterning to the control of cell differentiation and growth
in adult cells. TGFβ can activate anti-proliferation gene
responses in G1 phase and impede the completion of the
ongoing cell cycle. TGFβ responses in human epithelial cell
lines from skin, lung and mammary gland originals have
revealed a shared proliferation program. This program consists of cyclins and cyclin-dependent kinases. Meanwhile,
the cell proliferation is realized by the sequential activation
of cyclin-dependent kinase (CDK) inhibitors and repression
of the growth promoting transcription factor c-MYC.
Besides the cell growth regulating signals mediated by
cytokine TGFβ, Ras genes are the most common targets
for mutations in human breast cancer. Ras protein is activated in response to a very wide spectrum of extracellular
stimuli, such as cytokines, growth factors, hormones, neurotransmitters and extracellular matrix components. These
factor stimulation leads to a rapid and transient increase
of active Ras-GTP [12]. Ras signal transduction involves
the passage of information along a chain of proteins which
excert control over a host of signal transduction pathways.
The best characterized Ras signal transduction pathway is
Ras-MAPK cascade. Ras activates the Raf-1 kinase, which
in turn activates the MEK-ERK kinase cascade. ERK phos-
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(a) Dynamic Bayesian Network
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(b) 2-Time-Slice Bayesian Network

(c) Parameters of DBN

Figure 1: Mammary Cell Proliferation Network. Cytokine TGFβ inhibits cell growth promoter, c-MYC. In additional, c-MYC promotes
cell proliferation by repressing several cell growth suppressor proteins, p15, p21. TGFβ elevates activity of three cyclin-dependent
kinase’s inhibitor: p15, p21 and p27. p15, p21 and p27 inhibit the complex formation between cyclinD and CDK4,6 and p27, p21 further
prevent cyclinE-CDK2’s activation. TGFβ elevates expression of CDK4/6-specific inhibitor p15. p27 binds to CDK4,6 to form a complex,
meawhile, p27 is released from this protein complex under the presence of p15. p15 indirectly stimulates the surge of p27. CyclinD1 and
cyclin-dependent kinases(CDK) 4,6 form a complex which drives the cell proliferation in combination with complex formed by cyclinE
and CDK2. Besides TGFβ pathway, hyperactive Ras signaling regulates cell developments and promotes cell growth. The parameters in
the dynamic Bayesian network of mammary cell proliferation program are denoted by joint probability tables of child nodes and their
parents. The joint condition probability is listed in the right-most column of each table. The secondary right-most column denotes the
child node and its left columns indicates the parent nodes

phorylates transcript factors in cytosol and nucleus which
leads to activation of the genes involved in cell proliferation.
In this study, we include the compact representation of
TGFβ and Ras signaling pathways in the cell proliferation
network (Fig. 1). The signal transduction along these two
pathways are extracted from a collection of qualitative
knowledge in the publications [13], [14], [15], [16], [17],
[18], [19], [20], [21]. TGFβ represses the growth promoter
c-MYC and activates the cell growth inhibitor p15 of the
INK4-family and p21, p27 of the Cip1/Waf1/Kip1-2-family.
Ras influences the transcription of cyclin and CDK genes
through the Raf/MEK/ERK cascade. It is also known that
many intermediate factors in the cytosol, e.g. smad proteins and other co-expressors, e.g. E2F4/5, p38, p53, p107,
p300, ID1, ID2 and Miz-1 co-regulates the cell proliferation [13] which can be integrated into our later studies
consistently [22]. The loopy circuit in the network serves
to providing tight and robust control to this program.

B. DBN Model of Cell Proliferation Network
The cell proliferation network of mammalian epithelial
cell can be modeled by a dynamic Bayesian network (DBN)
as shown in Fig. 1(a). The DBN can be unrolled over the
time into a series of 2-Time-slice Bayesian networks (2TBN)
as shown in Figure 1(b). The parameters are described by the
joint probability distribution (Fig. 1(c)). In [11], a qualitative
knowledge model is proposed to define a set of inequality
constraints over the conditional probability space. In this
study, we project this set of conditional-space constraints
onto the joint probabiltiy space where we transform the
conditional probability into a set of joint probabilities.

The conditional probability distribution (a0 ,a1 ) transformed from α can be modeled by Single Negative Influence,
0
1
i.e. a0 ≥ a1 , where a0 = α0α+α
and a1 = α1α+α
. Similarly,
2
3
the conditional probability distribution transformed from σ
can be modeled by by Single Positive Influence and the
conditional probability distribution (b,r) transformed from
(β,γ) can be described by Mixed Joint Influence, i.e.
b0 ≥ b1
r0 ≥ r1

b2 ≥ b3
r2 ≥ r3

b2 ≥ b0
r2 ≥ r0

b3 ≥ b1
r3 ≥ r1

(16)

where the condition probability entries in Eq. 16 can be
described by joint probability table. For example, b0 =
1
. The conditional probP r(p15|T GF β, cM Y C) = β0β+β
1
ability distribution transformed from (ρ) can be modeled by
Plain Synergy with Positive Individual Influence, i.e.

 

 p3   p1 
p7 ≥
p5
≥
p2
≥ p0
(17)

 

p6
p4

where p0 is the probability of breast cancer cell growth
1
given its parents being underexpressed, thus, p0 = ρ1ρ+ρ
. λ
0
can be defined similarly. The parameters (θ,φ,η) can be
defined by a set of constraints hierarchically. Firstly, the
conditional probabilities transformed from these parameters
can be modeled by Mixed Joint Influence since therpe are
multiple input signals to activate and to repress the complexes CyclinD-CDK46,CyclinE-CDK2 and p27-CyclinDCDK46 from their parents. Therefore, the parameters can
be classified according to the number of repressors being
overexpressed. Secondly, these probabilities in each class can
be further defined by Plain Synergy with Positive Individual
Influence based on the number of parental activators being
overexpressed. For example, the conditional probability (g)
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based on the parameter η can be firstly classified into four
classes of parameters based on the configuration of p21
and p27, i.e. G0 ={g0 , g4 , g8 , g12 }, G1,1 ={g1 , g5 , g9 , g13 },
G1,2 ={g2 , g6 , g10 , g14 } and G2 ={g3 , g7 , g11 , g15 }. If we assume the inhibitive effects of p21 and p27 on CyclinDCDK46 are symmetric (In general, it is possible to model the
unsymmetrical effects given specific knowledge), we could
merge the parameters of G1,1 and G1,2 into one class, G1 .
With the same configuration of the parents, the parameters
across the classes can be constrained as
g0 ≥ g1,2
g1,2 ≥ g3

g4 ≥ g5,6
g5,6 ≥ g4

g8 ≥ g9,10
g9,10 ≥ g11

g12 ≥ g13,14
g13,14 ≥ g15

(18)

Secondly, within each class, the parameters can be further
classified by the number of activators being overexpressed
as
g4,8 ≥ g0
g12 ≥ g4,8

g5,6,9,10 ≥ g1,2
g13,14 ≥ g5,6,9,10

g7,11 ≥ g3
g15 ≥ g7,11

(19)

where the condition probability is defined by the network
parameters η. Similarly, φ and θ can be modeled as Eq. 18
and 19.
Besides these basic knowledge, further constraints can be
added to regulate the sensitivity and specificity in parameter
space. In Fig. 1(a), p21 and p15’s activities are completely
blocked by c-MYC (supplement materials). We can confine
those corresponding conditional parameters close to zero. i.e.
β6
β7
β6
β7
β6 +β2 =0, β7 +β3 =0, β6 +β2 =0, and β7 +β3 =0.
The inference on cell growth is computed for each possible model with parameters Π={α,σ,γ,ρ,φ,β,η,θ,λ,τ ,µ} by
Eq. 13. However, since the parameter space is rather highdimensional, we can use Monte Carlo method to approximate the integration. For each parameter in Π, its distribution
in the parameter space is defined by a set of constraints as in
Eq. 16 to 19. By using Monte Carlo Accept-Reject method,
we simulate K=500,000 CPT samples and together with the
structure s in Figure 1(a) define a consistent model class,
f = {mk (s, Πk )|k = 1, . . . , K}.
M
C. Interfering Prediction on Breast Cancer Cell Proliferation
After we build up the DBN model of cell proliferation
network in mammalian epithelial cells, we can interrogate
this network with quantitative in-silico interventional simulation and gain insight on the functional mechanism of cell
proliferation program in breast cancer cells.
1) CyclinD Interference in MCF-7 Cell: In [23], the
relationship of cyclinD1 and breast cancer cell progression
is investigated. Transcription factors regulating the cyclinD1
gene(CCND1) are silenced by transfecting the MCF-7 breast
cancer cells with RNA interfering (RNAi) vectors. The RNAi
against two transcript factors, FoxA1 and NFIC, significantly
increases and reduces the mRNA and protein level of cyclinD1 in the cell nucleus. In addition, the effects of estrogen

(estradiol) on CCND1’s expression level is explored in
combination with the RNAi against CCND1’s transcription
factors. In the experiment, real-time PCR assays determined
the mRNA level of CCND1 in MCF-7 under each case of
the RNAi interference with or without estradiol. The cell
proliferation efficiency is evaluated as percentage change of
cell number relative to the control. The control is indicated
by RNA interference against luciferase gene in MCF-7 cell.
Therefore, in the first prediction, we like to predict the
breast cancer lineage MCF-7’s cell proliferation efficiency
in each case of RNAi interference to CCND1’s transcription
factors. To this end, we firstly determine the expression
levels of several key cell progression regulators, i.e. TGFβ,
Ras protein, cyclinD1, cyclinE and cyclin-dependent kinases
(CDKs) in MCF-7 cells. It is known that TGFβ is a cell
growth inhibitor. Ras, cyclinD,E and CDKs are cell growth
promoters. For example, a breast cell line bearing high levels
of cyclinD,E will show proactive cell proliferation than a
cell with low levels of these regulators. These regulators do
not have any parent node(s) in the cell proliferation network
(Fig. 1(a)), therefore, their levels eventually determine the
cell state. To define the cell state, we collect the level of
these regulators in MCF-7 cells from a set of publications
(supplement materials). In this table, the expression level
of each regulators is indicated by a set of 6 symbols. We
transform this discrete set of symbols into probability value
by equally dividing [0,1] into 6 intervals. We set the initial
probability of these regulators in MCF-7 cell according
to the transformed probability value which is indicated
by the value in bracket (supplement materials). In [23],

R
F
PC
CG∗
Eff∗
Exp

Control
1
0
0.33
0.09
0
0

I
0.85
-0.23
0.26
0.08
-10.51%
-14.4%

II
1.25
0.32
0.44
0.10
11.11%
4.4%

III
1.65
0.72
0.57
0.11
24.43%
14.4%

IV
2.2
1.14
0.71
0.13
38.12%
55%

V
3.15
1.66
0.89
0.14
55.1%
67.8%

Table II: The Ratio(R), other symbols denote the same as Table
1. *:Number is calculated in case that Pr(TGFβ)=0.8

cyclinD1 is interfered to 5 different levels by RNAi sliencing
experiments. The ratio between cyclinD1’s level and the
control level is evaluated. We transfer these ratio values into
probability and then we clamp the level of cyclinD1 to these
probabilities as evidence (E) in our interfering prediction
(Eq. 13). The ratio (R) is transformed to the fold-change
(F) which is calculated as F = log2 R and this log-value
indicates the expression level of cyclinD1 in each case. The
probability of cyclinD1 equals to 1 if the fold change is
greater than 2 and 0 if the fold change is less than -1.
Given these initial settings, we can predict the probability of
cell proliferation in each interference experiment by Eq. 13.
The experimental cell proliferation efficiency is measured
as the relative cell number changes to the control. Thus, we
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C
F
PT
CG∗
Eff∗
Exp∗

Control
0
-Inf
0
[0.29,0.85,0.52]
[1,1,1]
[1,1,1]

I
1
0
0.33
[0.22,0.82,0.49]
[79.26%,96.7%,93.48%]
[71%,100.5%,85%]

II
10
1
0.66
[0.11,0.76,0.42]
[39.92%,89.43%,80.03%]
[35%,92.5%,65%]
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III
100
2
1
[0.03,0.69,0.35]
[11.81%,81.38%,67.22%]
[10%,87%,60%]

Table I: The Concentration(C), Fold change(F), Probability of TGFβ(PT), Probability of Cell Growth (CG), Predicted Cell Growth
Efficiency(Eff) and Experimental Cell Growth Efficiency(Exp) is listed. *:Number is listed in MCF-10A,MCF-10A(Ras/ErbB2),MDAMB-231 from left to right.

calculate the predicted cell growth efficiency by referring the
change in cell proliferation probability to the probability in
the control case. The probability change is assessed between
the interfered case and the control case. The ratio, foldchange, initial probability of cyclinD1, cell proliferation
probability and cell proliferation efficiency is summarized
in Table II.
The prediction and experiment observations in each interference study is shown in Fig. 2(a). Since the TGFβ
level is unknown in MCF-7, we simulated three case where
the TGFβ level varies from low (0.3) to high (0.8). The
correlation between prediction and experimental observations is shown in Fig. 2(b). The Pearson correlation coefficient equals to 0.9681. We can see that the relative cell
proliferation efficiency in case of cyclinD1 overexpression
and knockdown is relatively independent on the level of
TGFβ, i.e. TGFβ in the MCF-7 cell state, exhibits weak
inhibitions on the cell growth. CyclinD1’s changes dominate
the TGFβ’s changes. This observation may be partially due
to that cyclinD1 is a cell growth promoter in nucleus and is
located at the very downstream of signaling pathways.
2) TGFβ Interference in other breast normal and carcinoma cell lines: In [26], it has been identified that the loss
of TGFβ growth inhibition often occurs without a loss of
receptors and/or smad co-factors in breast cancer. Instead,
the repression of a key cell growth promotion component
c-MYC is selectively lost. In breast cancer cell line, MDAMB-231 and MCF-10A(Ras/ErbB2), this repressive response
of c-MYC to the cytokine TGFβ is lost [26]. However, the
normal breast cell line, MCF-10A reserves this repression.
In addition, in MCF-10A(Ras/ErbB2) cell, Ras protein is
overexpressed. In the experiment, the concentration of TGFβ
is manipulated to different levels from 0 to 100 (µm) in these
cell cultures and cell proliferation efficiency is measured.
In the second prediction, we predict the inhibition of cell
growth by TGFβ in these three breast cancer cell lines.
Similar to the first experiment, we firstly determine the probability of the key cell progression regulators in MCF-10A,
MCF-10A(Ras/ErbB2) and MDA-MB-231 cells according to
Table (supplement material). The level of these regulators
defines the distinct cell context of these three cell lines.
MCF-10A is a normal human mammary epithelial cell line.
MDA-MB-231 and MCF-10A(Ras/ErbB2) are the human

immortal cell lines showing aggressive cell progression. We
set the initial probability of these regulators in these cell
lines according to the transformed probability value which
is indicated by the value in bracket (Table in supplement
material).
The level of TGFβ is similarly discretized into probability
with log-transformation as cyclinD1. In addition, the TGFβ’s
repression on c-MYC is lost in MCF-10A(Ras/ErbB2) and
MDA-MB-231 cell lines. Thus, the level of c-MYC in these
two cell lines are set to 1 according to the experiment [26].
The experimental cell proliferation efficiency is measured
as the ratio between cell number given specific TGFβ’s
concentration and the control. The control case of each
cell line is indicated by TGFβ knockout, i.e. TGFβ=0 [26].
Thus, we calculate the predicted cell growth efficiency by
referring the cell proliferation probability to the probability
in the control case. The concentration, fold-change, initial
probability of TGFβ, predicted cell proliferation probability
and cell proliferation efficiency is summarized in Table I.
The prediction on the cell growth efficiency in each cell
line is depicted by solid line in Fig. 2(c). For comparison, the
experimental observation is adopted from [26] and shown as
dashed line in Fig. 2(c). The correlation between simulation
results and experimental observation is shown in Fig. 2(d)
and the pearson correlation equals to 0.978. We observe that
the cell proliferation ratio in the two breast cancer cell lines,
MCF-10A(Ras/ErbB2) and MDA-MB-231 is much higher
than that of the human normal mammary epithelial cell line
MCF-10A at any TGFβ’s level. This may be due to the
difference in cell state determined by the key cell cycle
regulators. In addition, depending on different cell state,
TGFβ inhibits the cell proliferation distinctly. In the normal
epithelial cell line MCF-10A, TGFβ exhibits prominent
inhibition effect on cell proliferation while in the two breast
carcinoma cell lines TGFβ exerts relative faint inhibitions
on cell growth.
IV. C ONCLUSION
In this paper, we propose a knowledge-driven systems
biology approach to construct a genetic regulatory network
based on soly qualitative knowledge on the physical interaction between genes and/or proteins in the literature. Then,
according to the properties of a functional regulation, our
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Figure 2: Prediction on Cell Proliferation Efficiency with Interfered TGFβ and cyclinD1 in Breast Cancer
Cell line
MCF-7

TGFβ
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c-MYC
*

Ras(Ras-GTP)
+

cyclinD1
+++
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MDA-MB-231
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*
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Table III: Protein expression levels of the key cell cycle regulators in mammalian normal epithelial and cancerous cells. Relative intensities
are scored as following. -:not detected(0); +/-:weak expression(0.16); +:low expression(0.33); ++:moderate expression(0.5); +++:strong
expression(0.67); ++++:very strong expression(0.83); +++++:highly overexpressed(1.0); The protein expression level of cyclinD1, cyclinE,
CDK2/4/6 in MCF-7 and MDA-MB-231 cell lines are based on the data in [24]. The expression level of the active form of Ras
protein, i.e. Ras-GTP, in MCF-7, MCF-10A, MDA-MB-231 are based on the data in [25]. 1:Ras and ErbB2 protein’s expression is
transfected to be highly overexpressed in MCF-10A(Ras/ErbB2) cells [26]; 2:The expression level of cyclinD and cyclinE in MCF-10A
are undetectable [27], [28]. 3:In MCF-10A(Ras/ErbB2), the overexpression of cyclinD is strongly induced by ErbB2 and Ras significantly
stimulates the cyclinE/CDK2’s activity [29], [30]. 4:TGFβ’s level is assigned arbitrarily to low expression and strong expression in MCF-7
cell due to the lack of knowledge in the literature. 5: c-MYC is overexpressed in MDA-MB-231 and MCF-10A(Ras/ErbB2) cells due
to the lost repression by TGFβ [26]. *:TGFβ’s level is interfered in MCF-10A, MCF-10A(Ras/ErbB2) and MDA-MB-231 cells [26].
c-MYC’s level in MCF-7 and MCF-10A is determined by TGFβ. The expression levels are normalized across studies.

method automatically generates a set of dynamic Bayesian
models of this network and performs quantitative predictions
upon genetic interventions. In this study, the prediction on
phenotype of breast cancer well matches the experimental
observations.
Though the currently implemented breast cancer network
is still small in size, we hypothesize that this network is
a good showcase that given the correct knowledge, our
method could eventually capture the actual properties in
the network and make accurate quantitative predictions.
Therefore, we believe that our method provides a promising
pathway for understanding the underpinnings of a genetic
regulatory network. With this method, it is possible to integrate currently available knowledge on genetic regulations
and signaling pathways in a disease to a large network
and deciphering the biological mechanisms by producing
quantitative interfering predictions in the network. Thus, it
may be specially interesting to the drug target discovery
researches.
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Network Inference by Considering Multiple Objectives:
Insights from In Vivo Transcriptomic Data Generated by
a Synthetic Network
Sandro Lambeck, Andreas Dräger, and Reinhard Guthke
Abstract—This paper addresses the problem of finding gene
regulatory networks for various data sets derived from the same
underlying network, but challenged to different stimuli. To this
end, we propose to adapt solutions of systems of non-linear
difference equations by including multiple objectives. The model
structure and parameter estimation, is facilitated by application
of an hybrid Evolutionary Multi-Objective Algorithm.
Furthermore, we compare the fit of the logistic and double
logistic transfer function. The application is driven by data
obtained from a recently published synthetic gene regulatory
network, being especially designed for the assessment of network
inference methods.
Inferred networks were in high accordance with the designed
structure and indicated the favor of a multi-objective approach
including all available data. The double logistic transfer function
outperformed the logistic transfer function to model saturation
effects. Results also suggested that the protein-protein interaction
should be integrated in the model of transcriptional regulation.
Index Terms— Network Inference, Synthetic Biology, Multiple
Objective Optimization

I. INTRODUCTION

S

YSTEMS biology aims at the discovery and understanding
of the interplay of structure and dynamics of living
systems under realistic conditions. This entails an
interdisciplinary approach and the investigation of the
components contributing to the system’s response triggered by
distinct stimuli. The Network Inference (NI) or reverse
engineering of Gene Regulatory Networks (GRN) from timeresolved and steady-state data constitutes the basis for the
extraction of new hypotheses and is therefore a valuable step
towards new experimental findings. In particular, timeresolved data enable the researcher to trace back the temporal
changes of gene expression which are induced by their
regulators [1 - 3].
However, as covered in many studies, data from several
sources even having the same experimental focus can be
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contradicting; a circumstance that originates from different
protocols, biological variability and/or noise. This issue is of
special interest because it influences the predictive power of
the inferred networks. But, having data covering various
perturbations can be beneficial for network inference at the
same time from a systems identification view because this
encapsulates constraints for data fitting [4]. Additional
constraints for NI include the incorporation of existing
knowledge from the increasing amount of online databases.
Theoretical studies and analyses of molecular networks
using genomic data have been fundamental in their
contributions towards the understanding of molecular
regulatory networks. A plethora of approaches to infer the
dependencies within gene regulatory networks by identifying
parameters of mathematical models exists. Exemplary, the
well studied S. cerevisiae has been used as model organism for
manifold findings about transcriptional regulation [5 - 7].
Linear and non-linear differential equation models for the
quantification of transcriptional regulation have been widely
applied to microarray data and have shown the advantages of
perturbation experiments [8]. In the case of cells challenged to
different stimuli, Multiple-Input Multiple-Output (MIMO)
models based on differential equations are of particular
interest. Since linear MIMO models are found to be unable to
capture important phenomena that are known to occur in
cellular systems, such as saturation and switch-like effects we
focus on the class of non-linear models. Examples of nonlinear models are complex S-systems [9] that are based on
power law formalism or biochemically motivated
approximations of sigmoid functions [10], or MichaelisMenten equations [11].
However, in most cases insufficient data hampers the
unique parameterization of more complex models, yielding
underdetermined problems and is also summarized under the
umbrella term “curse of dimensionality” [12]. However, the
inclusion of constraints like prior knowledge reduces the
search space and facilitates in this way the parameterization of
models [2]. The proposed approach focuses on the aspect of
biological variability within the data in order to work around
the identifiability problem by considering constraints such as
sparseness and parameter sensitivity of solutions. The
optimization is driven by an hybrid Evolutionary Multiple
Objective Algorithm (EMOA) that combines an Evolutionary
Strategy [13] with a downhill simplex method [14, 15].
We focus our application on a recently published
synthetically induced network, especially designed for In vivo
benchmarking of Reverse-engineering and Modeling

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

735

BIOCOMP'10 (July 12-15, 2010, USA): Paper ID #: BIC7073
Approaches (IRMA) [16]. This synthetic network is proposed
to be used as a framework to find inconsistencies in models
and experimentally derived knowledge on gene interactions
and to refine hypotheses about transcriptional regulation. The
designed experiment excludes environmental factors such as
the influence of the cell-cycle and has been part of the
DREAM (Dialogue on Reverse Engineering Assessment and
Methods) challenge 2 competition [17]. Exemplary, a recent
approach integrates a comprehensive memetic Evolutionary
Algorithm (EA) for the inference of the DREAM five-genechallenge [18]. This method outperformed other methods in
the recovering of signed directed edges, highlighting the
usefulness of EAs for this kind of problem. We successfully
assert our method to in vivo data in an extension of Network
Inference by EMOAs as applied to in silico generated data by
[19, 20].

II. METHODS AND DATA
A. Model
The approach to model gene regulatory networks, which
describe the observed mRNA levels xi(t) for gene i (out of N)
as a system of difference equations, as, e.g., described in [18],
reads:

as shown in Figure 1.

Figure 1: Drawn functions having different steepness parameters
(s1<s2<s3) for the case of the logistic (left) and the double logistic transfer
function (right).

B. Data Fitting
The task of identifying GRNs in a data driven setting with
respect to the quality of fit can be considered as an
optimization problem. In this study, the error function for the
(total) Standard Square Error (SSE), with x being the expected
measurements and y the observed data is minimized:
N

SSE =



dxi xi [t + ∆t ] − xi [t ]
=
= aiσ  ∑ wij x j + b(t , l ) 
dt
∆t
 j =1


j =1

ij

− yij ) 2

(4)

(1)

with the interaction matrix wij, positive scaling parameters
ai and a non-linear transfer function σ, which is commonly
used to model saturation effects. The perturbation term b(t,l) is
modeled by b(t,l)=l·exp(-t). The model (1) is based on the
assumption that if a gene i at time (t - 1) effects another gene j
at time t, the former expression value should help to predict
the target gene expression.
Apart from other versions existent in literature, the
degradation rate wii is coupled inside the transfer function.
Starting from the initial condition t=0 and having equidistant
time points ∆t, the mRNA levels of genes can be estimated for
the consecutive time points. For the ease of interpretation the
zero-centered symmetric sigmoid saturation function σ is
scaled to the domain [-a, a]. Note, that re-scaling the
parameters ai can be approximated from the maximum and the
minimum of the difference of the serial measurements of gene
i. By including a specific form of the transfer function, which
scales along both directions, a straightforward interpretation
for the entries of the interaction matrix becomes possible. For
finding a suitable transfer function we compared the logistic
(2) and the double-logistic (3) transfer functions with the
steepness parameter s:

2
−1
1 + exp( − xs 2 )

(2)

σ 2 ( s, x) = sign( x)(1 − exp(− xs 2 ))

(3)

σ 1 ( s, x) =

∑ ∑ (x
i =1

N

T

Here, T denotes the number of time points and N the
number of genes.
In a tuning stage, we find parameter sets that are satisfying
all data sets. Since the fit to more than one data set is a global
non-linear optimization problem, a globally nested
optimization structure is adopted, where an hybrid
Evolutionary Algorithm (EA) is applied to determine the
parameters for the non-linear terms. An EA [21, 22] combined
with a simplex method [14] is used to estimate the best
parameters.
The main idea of the hybrid procedure is to merge the
global-search properties of Genetic Algorithms (GA) with the
fast (local) convergence of the simplex method. After the
initialization, the algorithm evolves in two steps. An outer
cycle simulates the evolution of the population using the
Genetic Algorithm (GA): the recombination operator modifies
the individuals from the population with simulated binary
crossover. At each generation, the deletion operator modifies
the best individuals to obtain sparser interaction matrices (see
C); finally, the parent population for the next generation is
selected based on the fitness associated to each individual. In
the inner cycle, a non-linear simplex optimization method is
applied to the new individual of the current population in
order to locally optimize the corresponding solutions. The
improved individual is then replaced in the current population.
The hybrid algorithm ends when the outer termination
criterion is achieved. Different criteria can be selected for
terminating the GA. We set the maximal number of
generations to 10,000.
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C. Obtaining sparse networks
The gene regulatory network and therefore the interaction
matrix should be sparse. However, the presence of noise in
experiments would cause most of the elements in the
estimated interaction matrix to be nonzero, even if the
corresponding element in the true matrix is zero. If the
parameter is small in absolute values, then the decrease in the
squared error for the fit is small, and the value of the
interaction matrix element only exists due to noise.
For instance the Partial-F test can be used to assess the
significance of the difference of two squared residuals for
linear nested models. Nested means that one set is a subset of
the other set. In this way, the partial-F test plays a crucial role
in the trial-and-error process of model-building. We adopt the
criterion to penalize the number of parameters for the ease of a
simple computation by the use of the Mean Square Error
(MSE) for the model by: MSE = SSE/ (N – k), with N
reflecting the overall number of measured data points and k
the number of non-zero parameters in the model. This is used
to weight the solutions equally depending on the sample size
of the data set and to favor sparse networks, i.e., a higher
number of zero entries in the interaction matrix. The
parameter deletion is applied to the smallest parameters: In
every generation the parameters, whose absolute values fall
below a certain threshold c for the best fitted individuals, are
reinitialized with zero.
D. Inclusion of Multiple Objectives
An unconstrained multi-objective optimization problem for
k objectives can be formulated by minimizing z = f (x), where
f(x) = (f1(x), f2(x),…, fk(x)) subject to x. However, it is difficult
to approximate the Pareto-optimal front by search heuristics.
The method proposed herein works on archives of individual
solutions. Each individual represents a set of parameters. After
fitting, individuals are sorted by fronts due to objectives, the
non-dominated solutions are kept and the resulting fronts are
sorted. Then, the worst individual from the worst front is
replaced by a randomly new generated individual. For
quantification of differences an hypervolume indicator based
on the S-metric is applied [13]. The S-metric (or dominated
hypervolume) is a commonly accepted quality measure for
comparing approximations of Pareto fronts generated by
multi-objective optimizations.
Constraints such as prior knowledge can be taken from
interventional experiments or literature. In this particular
application to the IRMA network additional data was taken
from overexpression experiments. Fold changes (∆∆ct) related
to the housekeeping genes and the steady-state of
overexpression data are assumed to support the finding of the
correct network. To deal with the huge search space for
multiple objectives it is favorable to define trade-offs for the
cost functions. Because the expression levels for the profile
data are comparably scaled, we do not define a different cost
at each objective.

E. Data sets
The application of the Network Inference method is driven
by data obtained from a recently published synthetic gene
regulatory network in S. cerevisiae, especially designed for In
vivo ”benchmarking” of Reverse-engineering and Modeling
Approaches (IRMA) [16]. It is composed of five genes being
triggered by a medium shift from glucose to galactose (and
backwards), summarized “switch-on (off)” data. Time
resolved qRT-PCR readouts and overexpression data are
provided. The IRMA synthetic-biology network consists of
SWI5, GAL80, ASH1, CBF1, and GAL4 genes, which code
for transcription factors. The designed network (Gold
Standard) has a variety of regulatory interactions, including
transcriptional regulation and one protein-protein interaction
(between Gal80 and Gal4), thus capturing some features of
large eukaryotic gene networks at a small scale. The structure
(without considering the protein-protein interaction) is
characterized by a positive feedback loop (GAL4 - SWI5 CBF1 - GAL4) and one negative feedback loop (GAL4 SWI5 - ASH1 - CBF1 - GAL4), potentially allowing for
complex nonlinear dynamics. The IRMA network was
designed to be completely independent from the endogenous
yeast gene network, i.e., it is only negligibly affected by other
genes of yeast. In order to analyze the dynamic behavior of the
network, perturbation experiments by shifting cells from
glucose to galactose (“switch-on” experiments) triggered by
an initial inhibition on the GAL80 gene and from galactose to
glucose (“switch-off” experiments) were monitored. When the
yeast is cultured in a glucose medium, the IRMA network is
“switched off” because the Gal80 repressor binds to and
inactivates Gal4 by preventing interaction of the transcription
machinery [23].
Expression levels were measured using quantitative realtime Polymerase Chain Reaction (qPCR) in equidistant time
steps for two time series and overexpression data. The first
time series (“switch-on”) consists of 15 samples, taken at
intervals of 20 minutes within five hours, and the second time
series (“switch-off”) comprises 20 samples, taken at intervals
of 10 minutes. Standard errors (approx. 10 %) obtained from
replicates hinted towards highly reliable data. Briefly, preprocessed data were extracted from the supplements of [16],
taking the replicate averaged 2-∆ct profiles that indicate mRNA
levels of the five genes after the medium shift. For the switchoff profiles, data values for every second time point were
skipped, yielding data at intervals that are comparable to the
switch-on profiles. In addition, ∆∆ct overexpression data
(from the yeast grown in glucose) for each of these five genes,
that captures the fold change with respect to the housekeeping
genes, were used.

F. Assessment of performance
In order to assess the performance we compare our results
with the obtained results of three other NI methods without
considering the edges for self degradation and perturbation.
The assessment of inferred edges was in accordance to [16],
e.g., defining True Positive (TP) edges if they are exact in the
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sign, utilizing the Precision = TP/(TP + FP) and, Sensitivity =
TP/(TP + FN) measures. Mapping of the three class
classification problem onto two classes was done as follows:
An edge is denoted as TP if it is a positive or negative edge
and has correctly been predicted. False Positive (FP) are all
predicted positive or negative edges which are incorrectly
predicted, i.e., either they are non-existent or they have
another sign in the reference network. As True Negatives (TN)
we denote correctly predicted non-existent edges and as False
Negatives (FN) falsely predicted non-existent edges are
defined, i.e., an edge is predicted to be non-existent but it is a
positive or a negative link in the reference network. These
quantities evaluate the performance with respect to the Gold
Standard from [16] (see also Fig. 4). We compare four
different algorithms as representatives of different reverseengineering approaches: Bayesian Networks with Java Objects
(BANJO) [24], Network Inference R (NIR) [25], Time Series
Network Inference (TSNI) based on ordinary differential
equations [26] and our approach. The comparison of
performances is based on results obtained from the fit on all
data sets separately and combined.

III. RESULTS
We performed two experiments for the hybrid EMOA to
verify the concepts of our idea. In every case, the hybrid
EMOA was restricted to run 10,000 generations with 200
individuals. The parameters were initialized with zero and
constraints on the self-interaction were not set. The sparseness
threshold c was set to 0.1.
Quality of fit for different models
We first compared the suitability of the model with respect
to the Mean Square Error (MSE) of observed measurements to
the predicted values of the inferred networks of the time series
data. We constrained the evolution of parameters to the correct
topology (structure reduced to the Gold Standard, but flexible
in signs) of the dependencies of each gene together with the
experimental data and validated the theoretical ability of our
approach to find good parameterizations of the model
incorporating the logistic and the double logistic transfer
function. After 10.000 generations the MSE was in average
more than 10 % smaller for the model with the double logistic
transfer function opposed to the logistic transfer function,
indicating higher adaptation ability (see Fig. 2). The fit to the
switch-off data performed better for both transfer functions,
e.g., the minimal SSE for the switch-on (switch-off) data was
approximately 4.0E-3 (4.0E-4) in the double logistic model.
The majority of the edges from the structure of the Gold
Standard (including the protein-protein interaction) were used
by most of the individuals. Although the parameterized edges
were differing in the signs, all self degradation rates were
correctly predicted.

Figure 2: Pareto front for the constrained fitting of 200 individuals
(representing parameter sets) to the true network structure indicating a
superior fit for the double logistic transfer function. In both cases the
MSE for the switch-off data indicated a better fit than the switch-on data.

Inclusion of profile and overexpression data
Furthermore, we systematically explored the set of possible
solutions with respect all data sets. For the case of fitting the
double logistic model to all data (time series and
overexpression) we obtained an interpolated surface plot (Fig.
3). Since the solution space for the overexpression data with
respect to the MSE was higher than for the profile data, we
inversely scaled the MSE plane for the overexpression data to
[0, 1], i.e., higher values representing better fits.

Figure 3: Scheme for the grid interpolated three dimensional surface for
the MSE fitted to all three data sets (200 individuals). This plot depicts a
three-folded maximum at the MSE overexpression plane for MSE values
being inversely scaled to [0, 1].

Comparison of different approaches to the Gold Standard
From ensemble voting a downscaling of the quantitative
parameter estimations to qualitative values was obtained.
Results for an ensemble voting indicate a good approximation
to the designed structure as shown in Fig. 4.
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IV. DISCUSSION

Figure 4: Depicting the obtained averaged topological results from the
hybrid EMOA approach adapted to both profile data sets and the
overexpression data. Blue lines denote the true interactions as shown in
the Gold Standard. Dashed lines indicates the protein-protein interaction,
an inhibition from the GAL80 to the GAL4 encoded proteins. The red
circle denotes the perturbation due to the medium shift.

In the case of learning the network from all data a non-existent
transitive edge CBF1-SWI5 for the links CBF1-GAL4-SWI5
was found. Table 1 summarizes the performance indexes of
four methods with respect to the Gold Standard.

Data

Switch-On

Switch-Off

Both profile
data sets

All data sets

Method

Precision
(Sensitivity)

Precision
(Sensitivity)

Precision
(Sensitivity)

Precision
(Sensitivity)

BANJO

0.30
(0.25)

0.60
(.38)

0.45*
(0.32) *

NA

NIR

0.60#
(0.38)#

0.40#
(.25)#

0.50*
(0.32) *

NA

TSNI

0.80
(0.50)

0.60
(0.38)

0.70*
(0.44) *

NA

EMOA
Hybrid

0.57
(0.38)

0.45
(0.60)

0.50
(0.43)

0.75
(0.60)

Table 1: Summary for the performance of the four methods without
considering the perturbation and the degradation. Comparison of
Bayesian Network Inference with Java Objects (BANJO) [24], Network
Inference R (NIR) [25], Time Series Network Inference (TSNI) [26] and
the EMOA method. The expected Precision for a random guess for the
directed interactions among the genes is 0.40. Asterics (*) indicate the
mean for these data. NA stands for not available, because the methods did
not cover the inclusion of all data. Diamonds (#) indicate that only steadystate (overexpression) data could be used.

The best fitting individuals for all three data sets yielded the
best results. However, even fits on a single data set indicated a
higher performance than random guess, because the expected
Precision for a random guess of directed interactions among
genes is 0.40 (40 %), so any Precision value higher than 0.4 is
successful for NI. The hybrid EMOA fit on all data sets
indicates the second best performance with respect to the
Precision (0.75) at the best Sensitivity (0.6) value among the
results for all methods as shown in Table 1.

We developed methods to infer GRNs by non-linear models
from experimental data as described in Methods and specified
the best-performing solutions with respect to multiple
objectives as seen in Results. This work applied on recently
published state-of-the-art in vivo data captured from a
synthetic five-gene-network [16]. The synthetic network
exhibits network motifs such as feed forward and feedback
loops, as well as sparseness properties. These motifs and
properties are common in large-scale networks. In silico
approaches suggest that the NI of small-scale networks will
also give hints for large-scale networks [27].
Insights from the first experiment
Focusing on two minimal non-linear models we found that
our method was suitable to uncover the complex relationships
of transcriptional regulation by Evolutionary Multi-Objective
(EMOA) Network Inference methods. Even in the case of a
restricted search space these kinds of best fit problems had
multiple sets of solutions with similar small errors. Although
optimization may still got stuck in local minima, the evolution
of parameters improved the quality of fit [29, 30]. Thus, for
including different data sets into a multiple objective approach
an hybrid EMOA optimization for flexible perturbation terms
based on recombination and a downhill simplex method was
proposed. The procedure adapted to multiple objectives
improving the quality of fit as obtained by the Mean Square
Error (MSE). The obtained parameterizations, learned by both
data sets, indicated that the parameters fitted well within this
setup.
Furthermore, two non-linear transfer functions were
employed that imposed bounds on the rates of change of the
driving forces of the system. The scaled functions favored
sparse solutions and featured the ease of interpretation. The
double logistic function outperformed the logistic transfer
function with respect to the quality of fit. The double logistic
function may had fit better because it is more robust against
outliers. The underlying network was not completely captured,
because some estimated edges were disjoint to the Gold
Standard in their sign. Learning the transcriptional regulatory
network by skipping the protein-protein interaction yielded in
every case a worse fit with respect to the MSE. So, it could be
doubtful to skip this kind of interactions in large-scale
networks because they coexist in many transcriptional
pathways in higher eukaryotes [7].

Insights from the second experiment
Non-linear ODE-based network inference performed well in
recovering the GRN and found the most links with reasonable
consistency (Fig. 4). Optimization showed attraction for
certain topologies in a combined inference approach. In the
case of fitting to only one data set numerous topologies were
found equivalent having nearly the same quality of fit [28].
Some of the graphs were subsets of the true underlying
network (Gold Standard). In general it performed suboptimal
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in recovering the signed and directed interactions by only
applying parts of the data. This inherits from the identifiability
problem, i.e., various sets of model parameters equivalently fit
the data [12]. This ambiguity may be caused by transitive links
and feedbacks and showed the urge for inclusion of constraints
and prior knowledge. The inclusion of the overexpression data
set increased the performance, although the resulting MSE
was scaled differently. The optimization of multipleobjectives, reducing the search space of feasible solutions,
performed better, but also hinted towards inconsistencies
within the data. For instance, CBF1 overexpression data
indicated a link between CBF1 and SWI5. The inclusion of
overexpression data improved the performance (Precision and
also Sensitivity increased), implying that both dynamic time
series and overexpression data are informative for reverse
engineering. However, these results also pointed towards a
struggle with recovering loops as seen by the false positive
transitive edge from CBF1-SWI5 for the feed forward loop
CBF1-GAL4-SWI5. Overexpression data also indicated that
the protein-protein inhibition between Gal4 and Gal80 is
existent in glucose as well as in galactose growing conditions.
General remarks
In this setup, superiority of ODE-based approaches opposed to
correlation models and information theory methods was found
[16]. Flexible non-linear models were suitable to capture the
underlying network. One advantage of this model is that it
exhibits high generalization capabilities. The criterion of
sparseness was reflected in the solution, because it minimized
the MSE and kept the model as simple as possible. Also other
procedures like the Partial F-Test would be applicable. The
network structure was pruned by the inclusion of the deletion
operator on the parameters represented by individuals in the
EMOA. The pseudo-deletion of small non-zero parameters
also reflected evolutionary aspects. One further finding was,
that an experimental overexpression of a gene should also lead
to a predominant overexpression behavior of this gene in the
simulation, which one may also consider as constraint on
models for large-scale networks. In addition, no prior
knowledge about the time delay was included, although this
would harbor possibilities to refine the model.
The optimization problem itself was characterized not
necessarily by a convex front, especially in the case of
learning the three data sets at once. But in this way,
optimization was facilitated by robust solutions with respect to
three objectives.
Summary and Outlook
Here, we used tools of non-linear modeling to understand how
to infer the topology and parameters of a synthetic GRN
recently constructed in the yeast S. cerevisiae for In-vivo
Reverse-engineering and Modeling Assessment (IRMA).
Hence, our results recommended the use of the hybrid EMOA
for optimization and the incorporation of the double logistic
transfer function because it captured the detailed in vivo data.
Parameterizations of flexible non-linear models to profile and
overexpression data sets were suitable to capture the

underlying network.
Mathematical models allowed to generate and verify
biological hypotheses and to predict new possible dynamical
behaviors. Recently, Marucci et al. re-engineered the IRMA
network in order to turn it, e.g., into an autonomous oscillator
[32]. Their results also suggested guidelines to properly reengineer the network in order to tune its dynamics.
Prospective synthetically designed networks will be
fundamental to unravel mechanistic details in gene regulation
and translation. Mechanistic models have already been proven
to be able to precisely mirror the molecular nature of
biological systems. Their detailed quantitative descriptions
will be crucial for designing convenient perturbations for
experimental verification of model-based predictions as well
as clinical applications within systems biology [33].
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Reconstruction of Biological Networks Structure by Using Bayesian
Network Models with a Two-step Learning Procedure
A. Baikang Pei1 and B. Dong-Guk Shin1
1 Department of Computer Science and Engineering, University of Connecticut, Storrs, CT, USA
Abstract— Bayesian network models are widely used in
studying biological network structures obtainable from high
throughput data and prior knowledge. The learning criterion
of a Bayesian network model is composed of the prior
probability and the marginal likelihood, where the former
is usually inferred from the structure prior knowledge like
directed edges, and the latter is dependent on model parameters and the data. Most current model learning procedures
assume use of noninformative prior settings for the model
parameters, which is essentially contradictory to the known
structure prior knowledge. In the present study, we propose
a stepwise model learning procedure, where all the model
parameters associated with the structure prior knowledge
are estimated first with part of the data, and then the
model is learned with remaining data sets as well as the
estimated parameters. We show with synthetic data and
real biological data that this two-step learning procedure
can lead to significantly better model learning results. We
also show that the improvement is robust to errors in prior
knowledge.
Keywords: biological network reconstruction, Bayesian network
model, model learning

1. Introduction
Biological networks mediate a variety of cellular activities including cell development, cell differentiation and
cellular response to environmental stimuli through a set of
interactions among biological molecules like proteins and
genes. Discovering biological network structure is thus of
great importance to understand the functions and regulations
of biological systems. The study for biological network
has been facilitated by the emergence of high-throughput
techniques (X-omics) [1] and development of statistical and
mathematical models, such as Boolean networks, ordinary
differential equations [2], [3] and Bayesian networks [4],
[5]. In this paper, we propose a Bayesian network model to
reconstruct biological network structures by using a two-step
model learning procedure.
A Bayesian network model belongs to probabilistic graphical models. It consists of two components: a directed acyclic
graph G and a parameter set θ. Each node in a Bayesian
network represents a random variable, which is actually a
biological molecule in the present study, and the network

structure and parameters describe dependencies and conditional independencies among the variables. From the Markov
assumption, which says a random variable is independent
with all non-descendent variables given its parents, the
joint distribution of all the random variables in a Bayesian
network can be factorized into multiplication of a series of
conditional distributions:
P r(G) ≡ P r(X1 , . . . , Xn ) =

n
Y

P r(Xi |P a(Xi ))

i=1

where Xi is a variable (node) and P a(Xi ) is its parents set.
Bayesian network model learning refers to a procedure
finding the most applaudable network structure based on the
biological data and the prior knowledge. During the model
learning procedure, a score-based criterion is usually required to compare the fitness of different network structures,
where the better networks have higher scores. A widely accepted criterion is posterior probability P r(Gh |D, ξ). From
Bayes law,
P r(Gh |D, ξ) ∝ P r(Gh |ξ) × P r(D|Gh , ξ),
where P r(Gh |ξ) is the prior probability of the network
structure Gh given prior knowledge ξ and P r(D|Gh , ξ) is
the marginal likelihood of the data D. For computation of
the prior probability, there have been many studies showing how structure prior knowledge such as directed edges
can be included and how this knowledge integration may
significantly improve the model performance [6], [7], [8],
[9]. As to the marginal likelihood, it has a closed-form
expression under certain assumptions, such as when each
variable conditional on its parents follows a multinomial
distribution with a Dirichlet prior. Under that assumption,
the computation is as follow:
qj
n Y
Y

ri
0
0
Y
Γ(Nijk
+ Nijk )
Γ(Nij
)
0
0 )
Γ(Nij + Nij )
Γ(Nijk
i=1 j=1

(1)

k=1

The above formulation is also referred to as BD metric [10],
which is often used when biological data is discrete. In
the formulation, Γ(·) is a gamma function, i represents a
variable, k represents a value of i and j represents a value
of i’s parents. The variable i can take a value from totally
ri number of values. Nijk is the number of observations
in the data where variable i takes value k and its parents
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0
take value j, and all Nijk
are model parameters describing
peoples’ prior believing about molecular relations.
0
Due to the complexity of assigning values to all Nijk
,
most studies using the BD metric tend to give them noninformative values, such as the K2 approach which sets
all parameters to 1. This type of assignment simplifies the
computation of model learning, but one problem with it is
that it leads to inconsistency between the model parameters
and the structure prior knowledge. While the structure prior
specifies certain dependencies among biological molecules,
the model parameters indicate they are independent (and thus
noninformative). In the present study, we propsed a two-step
model learning procedure to address this contradiction, and
examine whether our approach can lead to improvements
in model performance. Essentially, all the model parameters
associated with the structure prior knowledge are estimated
first with part of the data, and then the model is learned with
remaining data sets as well as the estimated parameters.
The rest of the paper is organized as follows. In Section
2.1, we describe the details of the two-step model learning
procedure, and then discuss the prior probability computation in Section 2.2 and the MCMC sampling in Section
2.3. The synthetic data and the biological data we use in
the present study are introduced in Section 3.1 and 3.2,
respectively. In Section 4, we illustrate the effectiveness of
our approach by applying it to both the synthetic data and
the biological data, and discuss the model learning results.
Finally, we conclude the paper in Section 4.

learning. The idea is to first estimate the parameters associated with structure prior knowledge from data, and then
compute marginal likelihood and hence learn the model
with these parameters. The data used to estimate parameters
and the data used to learn the model are disjoint to avoid
overfitting. Currently, we use 20% of data for parameter
estimation and the remaining data for model learning. The
procedure is briefed as in Figure 1. In step 1, all parameters regarding the structure prior knowledge are estimated
by maximum likelihood estimation, while other parameters
remain as noninformative to indicate the absence of the
prior knowledge. In step 2, all the parameters as well as the
structure prior knowledge and the remaining data are used
for model learning, as will be discussed in the following
sections in detail. We label the marginal likelihood in this
approach as BDs metric, and later compare it with the model
learning approach (K2) with noninformative parameters.
short title

1

Step 1: Parameter Estimation
1. Randomly pick 20% of data as the training data;
2. For each variable Xi , find its parents set P a(Xi ) based on structure prior
information;
3. For each non-empty subset of P a(Xi ) with configuration j and variable
0
Xi takes value k, assign Nijk
= 1 + dijk , where dijk is the number of
0
observations in training data corresponding to Nijk
;
0
as 1.
4. Assign all the remaining Nijk

Step 2: Model Learning
1. Compute prior probability of a given network structure;

2. Methodology
2.1 Two-step Model Learning
We define a Bayesian network model with discrete random
variables (biological molecules) which can take values such
as LOW, MEDIUM or HIGH. We further assume each
random variable follows a multinomial distribution conditional on its parents, and the parameters of each multinomial
distribution follow Dirichlet distribution in a priori. We use
the BD metric shown in Eq. 1 to compute the marginal
likelihood during model learning. As mentioned earlier,
0
assigning noninformative values to Nijk
in the BD metric
is contradictory to structure prior knowledge. To see that,
suppose expression of a protein A depends on another
protein B. Then B can be either an activator or an inhibitor
of A, where in the former case, higher expression of B will
lead to higher expression of A, and higher expression of
B will lead to lower expression of A in the latter case.
0
However, if we assign 1’s to all the Nijk
describing this
relation, we are basically saying the expression of A does
not change under different expression levels of B, i.e., A
and B and independent.
To reconcile the inconsistency between structure prior
knowledge and parameter setting, we implemented a twostep marginal likelihood computation algorithm for model

2. Compute marginal likelihood of a given network structure;
3. Update network structure following MCMC sampling procedure.

Fig. 1: A stepwise model learning procedure with the
BDs metric.

2.2 Prior Probability Computation
The structure prior knowledge is integrated into the model
learning through a similar approach as in [8]. A network
structure is represented with a binary adjacency matrix G,
where an entry Gij = 1 indicates an edge from variable i
to j, and Gij = 0 indicates otherwise. The structure prior
knowledge is defined through a matrix B, where each entry
Bij represents prior confidence about variable i affecting
variable j directly, ranging from 0 to 1. The prior probability
of a network Gh is then computed as follows:

P (Gh |β, ξ) = Z −1 exp −β


X
i,j

|Ghij − Bij |
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where β is a random weight of the structure prior knowledge,
and Z is the partition function, which is defined as:


X
X
Z=
exp −β
|Ghij − Bij |
Gh ∈G

i,j

Since the number of network structures expands superexponentially with the number of variables, we approximate
Z with an upper bound as used in [8]. This upper bound
sums over all possible network structures satisfying the fanin restriction, so networks with directed cyclic structures are
not excluded. The fan-in restriction in our model is set to
five. The computation complexity of the partition function
is polynomial to the number of variables.

2.3 MCMC sampling
Having defined the prior probability and the marginal
likelihood, we can compute the posterior probability accordingly. Instead of finding a specific network structure
with the highest posterior probability, we use the MCMC
sampling procedure to find the posterior distribution of
network structures, and then derive the posterior probability
of all edges in network [4].
To get a better convergence rate, we precede a Markov
chain by iteration of two steps. In the first step, with a
0
fixed weight β, we propose a new network structure Gh
by randomly adding, removing or reversing an edge of the
old network Gh . In the second step, given the new network
0
structure, we propose a new weight β from the old weight β.
Each transition is accepted based on the probability defined
in the Metropolis-Hastings algorithm [11], [12]. Specifically,
the acceptance probability of the first step is:
!
Ã
0
0
0
P r(Gh |β, ξ) P r(D|Gh , ξ) q(Gh |Gh )
min 1,
×
×
0
P r(Gh |β, ξ) P r(D|Gh , ξ) q(Gh |Gh )
where the proposal distribution q(·|·) is computed following
the discussion presented in [13]. The acceptance probability
of the second step is:
Ã
!
0
P r(G|β , ξ)
min 1,
P r(G|β, ξ)
with the assumption that β is uniformly distributed over
0
the range [0, 30], and proposal distributions q(β|β ) and
0
q(β |β) are symmetric. These two steps are repeated until
the algorithm converges.
To test convergence of the MCMC algorithm, we follow
the approach in [8]. Two independent MCMC simulations
are carried out in parallel, and the convergence is identified by consistent marginal posterior probabilities of all
the edges between the two simulations. We set the first
5×104 iterations as the burn-in phase, and sample a network
structure every 20 steps afterwards. The algorithm finishes
upon convergence or after 106 iterations.
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3. DATA AND SIMULATIONS
3.1 Synthetic Data and Prior Knowledge
In our present study, the synthetic data is generated from
the joint distribution defined by a subgraph of the alarm
network introduced in [14]. The subgraph has 11 nodes
and 14 edges, and the conditional probability tables of the
network are derived from the alarm network definition. This
subgraph is also referred to as true network, the structure is
shown is Figure 2a.
Some positive edges of the true network may be picked
randomly to represent the structure prior knowledge. Error
can also be included intentionally by picking some nonedges from the true network. For each edge being picked,
its corresponding entry in the prior knowledge matrix is
set to a number ranging uniformly from 0.8 to 1. All the
other entries in the knowledge matrix are assigned values
ranging from 0.4 to 0.6 uniformly to indicate that we have
no valuable prior knowledge about them. The parameters of
the network are assigned based on the data and the structure
prior knowledge, as introduced in Figure 1.
To compare Bayesian network models using noninformative parameters (K2 approach) or using BDs approach, we
train both models with the same structure prior knowledge
and data, and then examine their performance. The model
learning results, which are a ranked list of posterior probabilities of all the edges, are evaluated with receiver operator
characteristics (ROC) curves [15]. A ROC curve plots the
true positive rate versus the false positive rate, and the area
under curve (AUC) represents the overall quality of the
model learning results, where higher AUC implies better
results. We repeat the experiment for multiple times with
randomly generated data and structure prior knowledge, and
then compare the AUC of results from the BDs approach and
the K2 approach. By controlling the data and the structure
prior knowledge, we make sure the result difference is
derived from different methods of parameters assignment,
and by replication and randomness in data and structure prior
generation, we remove the potential bias derived from data
and prior network topology.

3.2 Biological Data and Prior Knowledge
The biological data we use in this paper is an intracellular
multicolor flow cytometry data from [16]. In this experiment,
quantities of 11 phosphorylated proteins and phospholipids
within the RAF signaling pathway are detected simultaneously under different perturbation conditions. The pathway
is shown in Figure 4. A reference about the RAF pathway
can be found in [16]. Several properties of this data make
it an ideal data set for the inference of network structures.
First, each biological molecule quantity is measured within
a single cell, so a large sample size is possible and the
data is more representative than those from average of
heterogeneous cell populations. Second, the measurements
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are targeted to specific active molecules so their quantities
are directly correlated with their functions. Third, a golden
standard network is available from extensive studies, which
makes it easier to evaluate model learning results. This
data has been extensively used with Bayesian networks in a
variety of studies [8], [16], [17].
We preprocess the biological data set before applying it
to our Bayesian network model. We first remove all the data
points that fall more than three standard deviations away
from mean, and then discretize the data into LOW, MEDIUM
and HIGH levels using an agglomerative approach that minimize loss of pairwise mutual information among variables
[16]. The structure prior knowledge is derived from the
KEGG database. Each direct link between molecules in the
RAF signaling pathway reported in KEGG is considered as
prior knowledge. The parameters are set as in Figure 1, and
the BDs approach is compared with the K2 approach. Model
learning results are evaluated qualitatively with ROC curve
and quantitatively with AUC of ROC curves.

4. RESULTS AND DISCUSSION
4.1 Effects of BDs metric
As described in Section 3.1, we use the synthetic data
and simulated structure prior knowledge to reconstruct a
network structure and compare the result with the true
network. Our objective is to estimate the improvement on
network reconstruction by using the BDs metric. With full
control over the data generation and the structure prior
knowledge, we can evaluate the improvement qualitatively
and quantitatively.
Figure 2b shows the ROC curves from models using K2
approach and BDs approach, with 50% edges in the true network are known a priori. Each curve represents an average
from 10 model learning results. It can be seen clearly that
the Bayesian network model using the parameters estimated
from data performs better than that with noninformative
parameters.
The visual comparison in Figure 2b are further tested
statistically, as shown in Figure 2c. This figures shows
the improvement of AUC of ROC curves for the network
reconstruction with 25%, 50% and 75% of true edges known
a priori, respectively. Given each percentage of structure
prior knowledge, both models are learned 10 times on randomly generated data and prior knowledge, and the average
improvement and 95% confidence intervals are depicted.
Form Figure 2c, we can see the BDs approach can
improve the model learning results significantly, shown by
the larger AUC given structure prior knowledge. The average
increases of AUC are 1%, 12% and 12% when 25%, 50%
and 75% of the structure prior knowledge are known a priori,
respectively. The latter two improvements are significantly
larger than 0, with p-values < 0.0001. The results in Figure
2c also indicate that the improvement becomes more evident

Fig. 2: Reconstruction of the synthetic network. The figure
shows the accuracy of the synthetic network reconstruction
by the BDs metric and the K2 metric from the synthetic
data. a. True network, which is a subgraph of alarm network.
b. ROC curve of Bayesian network models with BDs metric
and K2 metric, 50% edges of true network are known as
prior knowledge. c. Improvement of AUC of ROC curves
from model learning with 25%, 50% and 75% true network
edges known a priori.

when more parameters are estimated from data during the
model learning. By comparing the AUC increase originated
from 25% and 75% structure prior knowledge, we find the
latter has significantly larger improvement than the former
with p-value < 0.0001. It is also worthy of mentioning
that the improvement contributed by the BDs approach
is on top of the improvement derived from the structure
prior knowledge. We found that the model learning results
become more accurate with more structure prior knowledge
integrated (data not shown). But at the same time, the BDs
approach lead to further significant improvement to the results as well. Such results imply that the BDs approach can
provide additional benefits to the model performance other
than the structure prior knowledge, and the extent of that
benefit is proportional to the quantity of prior knowledge.
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Fig. 4: RAF signaling pathway. The RAF signaling pathway structure. This figure is a revise of an original figure in
[16].
Fig. 3: Reconstruction of the synthetic network with
error in prior knowledge. The synthetic network structure
is inferred from the simulated data and the erroneous prior
knowledge. In each experiment, the true structure prior
knowledge abundance is kept same, while the false prior
knowledge amount varies. The pairwise results from the
BDs approach and the K2 approach with the same data and
the same prior knowledge are compared. Results from each
experimented are indicated as crosses in the figure.

4.2 Error in Prior Knowledge
In the BDs metric, the parameters associated with the
structure prior knowledge are estimated from data while
other parameters are assigned in a noninformative manner.
This approach maintains consistency between structure prior
knowledge and model parameters, and favors previously
known structures in results through both the prior probability
computation and the marginal likelihood computation during
model learning. Its effectiveness on model performance improvement can be seen in Figure 2. However, one interesting
problem for this approach is whether the improvement is
robust to possible errors in the structure prior knowledge.
To test the effects of error in prior knowledge on the BDs
metric, we again use the true network shown in Figure 2a.
We randomly picked 50% edges from the true network as
structure prior knowledge, and include some edges not in the
true network as the error prior knowledge. Given the data and
the prior knowledge, both Bayesian network models with K2
approach and BDs approach are learned. The procedure is
then repeated multiple times and the results are summarized
in Figure 3. In Figure 3, each cross represents a pair-wise
improvement of the BDs metric over the K2 approach (in
percentage) given same prior knowledge (with some error)
and same data. The figure shows that the BDs metric can still

improve the model performance when a small proportion of
the structure prior knowledge is false. This effect does not
diminish even when 50% of prior knowledge are erroneous.
These results demonstrate that the BDs metric is robust to
error in prior knowledge. Given the relative accuracy of real
biological prior knowledge, which may come from small
scale biological experiments or literature survey, this result
also implies that the BDs metric can handle error in prior
knowledge for a real biological network study.

4.3 Inference of the RAF Signaling Pathway
In this section, we apply our model to the biological data
which is described in Section 3.2 and try to reconstruct the
RAF signaling pathway. The objective is to see whether the
BDs metric still has advantage over the K2 metric when
the data and the network structure are from real biological
studies, instead of from artificial network. The structure prior
knowledge is retrieved from the KEGG pathway database as
described in Section 3.2, and the results are listed in Table 1,
together with numbers of each edge found in the database.
There are totally 7 edges between the molecules in the RAF
signalling pathway are reported in the KEGG database. After
comparing them with the true network, we can see only one
is false edge (i.e., MEK → JUK), and all the others are true
prior knowledge.

Given the data and the prior knowledge, a Bayesian
network model is learned with the BDs metric and the
K2 metric, respectively. The procedure is repeated, and the
results are averaged and compared with ROC curves and
AUC under ROC curves. The result is shown in Figure
5. Figure 5a indicates the BDs metric outperforms the K2
metric when they are applied to the real data. Also, this
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Table 1: Direct links found in KEGG database
Direct link
PKC → PKA
PKA → P44
PKC → RAF
MEK → JNK
RAF → MEK
MEK → P44
PLCG → PKC

Number
1
1
5
1
26
27
7

the computation in two steps. In the first step, we estimate
model parameters from data based on structure prior knowledge, and in the second step, we compute the marginal
likelihood and train the model with estimated parameters.
This approach alleviates the contradiction observed between
the structure prior knowledge and the noninformative parameters, and we show with synthetic data and real biological
data that our approach can significantly improve the model
learning result quality. The improvement of BDs approach
against the K2 approach also shows robustness to errors in
structure prior knowledge.
One future extension to this work would be assigning
model parameters based on biological knowledge, instead
of using estimation from the experimental data. However,
one concern is whether the biological knowledge from same
context as that of the data. Also, a mapping from biological
knowledge to parameter values need to be designed and
potentially cross-influencing biological effects should be
taken into consideration.
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Abstract— The large gene regulatory networks underlying
organogenesis are poorly understood. We propose a directional statistical analysis that is based on a novel gene
expression invariant, the directional equilibrium state. We
formulate directional equilibrium in terms of gene expression. Since such equilibrium states in directional statistics
are well-understood, analyzing the directionality of gene
expressions appear to be a powerful approach to better
understanding the gene regulatory networks that specify
mammalian organogenesis. We verify that the gene regulatory network of microarray data from laser capture microdissected (LCM) cells of the optic fissure closure, a process
during eye development, is in directional equilibrium.

Deviation from directional equilibrium, for instance, could
indicate pathological changes and deeper directional analysis
may provide better understanding of disease progression. It
turns out that genes with low fold variation in expression
levels significantly contribute to the networks equilibrium
state. Our findings suggest that such genes should not be
excluded from current regulatory network analysis because
they may still have impact on the network structure and its
dynamics.
Starting from preliminary work with LCM and microarray
data in organogenesis, we develop in the present paper a
novel directional statistical framework for the analysis of
microarray gene expression data that could guide analysis
of genetic variations in developmental biology.

Keywords: gene expression, directional statistics, equilibrium

1. Introduction
Observations that inherit a direction occur in many scientific fields. Directional data arise naturally in data on
cell-cycle and circadian clock experiments [16], and to
successfully analyze such data, it is necessary to take the
special structure of directionality into account [4], [13],
[14], [16]. Commonly, the visualization of gene expression
data still relies on principal component analysis (PCA) [15]
linearly transforming the data into an orthogonal coordinate
system whose axes correspond to the principal components
in the data. While this approach can fit uni-modal data
distributions, multi-modal distributions, whose modes are
not orthogonal to each other, are poorly represented. Gene
expression microarray data are likely multi-modally distributed and PCA may lead to outputs that do not properly
reflect the gene regulatory network.
Motivated by the above mentioned shortcomings of traditional schemes, we introduce a novel aspect in the analysis of
microarray gene expression data. Our work aims to introduce
a novel invariant of gene regulatory networks underlying
developmental processes to facilitate genetic analysis in
systems biology. Based on previous work with microarray
gene expression data in organogenesis, we propose that
gene expressions in normal development form a directional
equilibrium state. Directional statistics then offers powerful
tests to better understand the gene regulatory networks.

2. Materials and Methods
2.1 Microarray data
Laser capture microdissection (LCM) has proven a powerful tool to acquire biologically rich data sets by isolating
pure cell populations from complex heterogeneous tissue
specimens [3], [10], [17]. In combination with microarray
technologies LCM enables identifying critical gene products
even if expressed at low copy numbers.
The Affymetrix MOE 430 2.0 microarray datasets were
for eight samples LCM microdissected from serial cryosections of the retina at the site of final optic fissure closure
in mouse embryos at specific embryonic stages [5]. The
8-timepoints span the time just before and just after final
fusion (optic fissure closure). This previous report investigated a specific putative repressive transcription factor,
nlz2 or zinc finger protein 503, that was discovered to be
highly expressed before and during fissure closure and then
downregulated. Gene knockdown experiments in zebra fish
of nlz2 resulted in incomplete optic fissure closure.
In the present paper, we explore the behavior of the
entire gene regulatory network rather than a single gene.
Within the 8 different time-point microarrays were 8316
genes consistently identified as expressed and with greater
than 2-fold variation in gene expression levels. We verify that
the gene regulatory network forms a directional equilibrium
state and discuss some consequences.
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2.2 Abstract algorithm
Put the microarray data into a collection of gene expression vectors {yi }ni=1 ⊂ R8 , i.e., yi represents the gene
expressions of gene i over time.
(1) Subtract the mean and normalize each gene expression
vector. We obtain a new collection of unit norm gene
expression vectors {xi }ni=1 ⊂ R8 .
(2) test for directional uniformity of the dataset {xi }ni=1 .
Point (2) shall be specified in the following sections. Let
{yi }8316
i=1 denote the entire dataset of genes with greater
than 2-fold variation in gene expression levels in decreasing
order. Genes at low variation in expression levels might
not primarily contribute to the specific biological process.
On the other hand they may support the balance of the
regulatory network to some extent. We therefore rerun the
nj
proposed approach for k = 4 decreasing subsets {yi }i=1
,
n1 = 8316 > n2 > . . . > nk , associated with ≥ 2, 3, 5, 8fold variation in gene expression levels.

2.3 Directional potential
We introduce the directional force between two points
a and b on the sphere S d−1 = {x ∈ Rd : kxk =

Pd
2 1/2
= 1} as
i=1 xi
F (a, b) = 2|ha, bi|(a − b),
Pd
where ha, bi = i=1 ai bi denotes the standard inner product
between a and b. Note that the cosine of the angle between
a and b is exactly ha, bi. The physical potential between a
and b is then |ha, bi|2 , cf. [2]. We consider a probability distribution µ as a configuration on the sphere. The directional
potential
Z
Z
PFP(µ) =
|hx, yi|2 dµ(x)dµ(y)
(1)
S d−1

S d−1

is a measure for the directionality of µ. The minimizers
of (1), among all configurations on the sphere, are said to
be in equilibrium under the directional force, or simply in
directional equilibrium.
Naturally, the uniform distribution is in directional equilibrium [7]. It turns out that other distributions with a mixture
of well-defined modes can be in equilibrium as long as the
modes are in some sort of directional equilibrium as we shall
explain in the following.

2.4 Finite frames
A collection of points {xi }ni=1 ⊂ S d−1 is called a finite
unit norm frame for Rd if there are two constants 0 < A ≤ B
such that
n
X
Akxk2 ≤
|hx, xi i|2 ≤ Bkxk2 , for all x ∈ Rd .
i=1

The constants A and B are called lower and upper frame
bounds, respectively. A frame spans Rd and, in fact, any

Fig. 1: Finite unit norm tight frame for R2

finite spanning set on the sphere is a frame [6]. Frames,
whose lower and upper frame bounds coincide, play a special
role: We call a collection of points {xi }ni=1 ⊂ S d−1 a finite
unit norm tight frame for Rd if there is a positive constant
A such that
n
X
Akxk2 =
|hx, xi i|2 , for all x ∈ Rd .
i=1

The constant A is called the tight frame bound. Note that
every finite unit norm tight frame gives rise to the expansion
n

x=

1 X
hx, xi ixi ,
A i=1

for all x ∈ Rd .

(2)

In this sense they are generalizations of orthonormal bases,
see Figure 1 for three vectors on the circle. Due to [11] the
frame bound A of a finite unit norm tight frame is n/d.

2.5 Probabilistic frames
We shall recall probabilistic frames on the sphere as
introduced in [7]: A probability distribution µ on the sphere
S d−1 is called a probabilistic unit norm frame for Rd if there
are constants 0 < A ≤ B such that
Z
Akxk2 ≤
|hx, yi|2 dµ(y) ≤ Bkxk2 , for all x ∈ Rd .
S d−1

The constants A and B are called lower and upper probabilistic frame bounds, respectively. We say that µ is a
probabilistic unit norm tight frame for Rd if there is a
positive constant A such that
Z
2
Akxk =
|hx, yi|2 dµ(y), for all x ∈ Rd .
(3)
S d−1

In fact, the constant A must be equal to d1 [7]. We then have
Z
x=d
hx, yiydµ(y), for all x ∈ Rd ,
S d−1

where the integral is vector valued. This generalizes (2), and
a sequence {xi }ni=1 ⊂ S d−1 of pairwise distinct vectors
is a finite unit norm tight frame for Rd iff the normalized
counting measure n1 µx1 ...,xn is a probabilistic unit norm tight
frame for Rd .
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2.6 Directional statistics
2.6.1 Fisher matrix
We follow the textbook [13]. The mean of a sample
{xi }ni=1 on the unit sphere S d−1 in Rd is
n

x̄ =

1X
xi .
n i=1

(4)

Since x̄ does not necessarily lie on the sphere, we use the
polar representation x̄ = r̄x̄0 , where x̄0 ∈ S d−1 is called the
mean direction and r̄ = kx̄k is the mean resultant length.
The matrix
n
1X
xi x>
T{xi }ni=1 =
i
n i=1
is called Fisher (or scatter) matrix. It can be used to measure
the dispersion of the sample. It coincides with the standard
co-variance matrix up to a shift.
Let M(B, S d−1 ) denote the collection of probability
measures on the sphere with respect to the Borel sigma
d−1
algebra
), we define the mean by
R B. For µ ∈ M(B, S
µ̄ = S d−1 xdµ(x), which is consistent with (4).
2.6.2 Statistical hypothesis testing
A common test in directional statistics is whether or
not a dataset is uniformly distributed on the sphere. In
fact, we shall focus on two elementary tests for uniformity.
Let σ denote the uniform distribution on the sphere. The
Rayleigh test rejects the hypothesis of uniformity if the mean
resultant length r̄ is large. More precisely, the asymptotic
large-sample distribution of dnr̄2 under uniformity is χ2d
with error O(n−1 ), and the modified Rayleigh statistic
1
1
)dnr̄2 + 2n(d+2)
d2 n2 r̄4 is χ2d distributed with error
(1 − 2n
−2
O(n ), cf. [13].
To recall the Bingham test, we first observe that the second
moments
Z
Mi,j (σ) :=
x(i) x(j) dσ(x),
S d−1

of the uniform distribution σ, where x = (x(1) , . . . , x(d) )> ∈
Rd , satisfy Mi,j (σ) = d1 δi,j , for i, j = 1, . . . , d [13].
In other words, the matrix M of second moments of the
uniform distribution equals d1 Id . One can observe that the
Fisher matrix of a sample equals the matrix of second
moments of the underlying normalized counting measure.
By using the latter, the Bingham test rejects the hypothesis of directional uniformity of a sample if its Fisher
matrix T{xi }ni=1 is far from d1 Id . In fact, the Bingham
2
statistic d(d+2)
n(trace(T{x
) − d1 ) under uniformity is
n
2
i }i=1
2
χ(d−1)(d+2)/2 distributed with error O(n−1 ), cf. [13]. Since
trace(( d1 Id )2 ) = d1 , this is a measure of deviation from
directional uniformity.
The Bingham test is inconsistent since the second moments of distributions µ other than the uniform distribution

Fig. 2: Sample points on the sphere with 4 modes

can satisfy Mi,j (µ) = δi,j d1 . In fact, the minimizers of the
directional potential are exactly those probability distributions whose second moment matrix M satisfies M = d1 Id
[7]. The Fisher matrix of a sample independently chosen
from such a distribution then approximates d1 Id with increased sample size. Therefore any probability distribution
that is in directional equilibrium is a Bingham-Alternative,
i.e., a sample chosen from such a distribution is likely to
fail the rejection of directional uniformity under the Bingham
test since T ≈ d1 Id implies trace(T 2 ) ≈ d1 . Note that there is
a chance that the Bingham test accepts directional uniformity
for the sample given in Figure 2.
The Bingham test is often introduced for axis models, in
which a point x on the sphere is identified with its anti-pode
−x. We suppress this identifications in the present work.
2.6.3 Mixtures of distributions
Let σ be the uniform distribution on the circle and let
x0 ∈ S d−1 and κ > 0. The von Mises-Fisher distribution µ
is given by
1
exp(κhx0 , xi)σ(x),
(5)
c
and can be considered as the normal distribution on the
circle with expectation x0 and variance κ, see [13]. The
constant c normalizes µ such that µ(S d−1 ) = 1. It turns
out that every sample on S 1 with Fisher matrix T = 12 I2
provides a Bingham-Alternative
by the mixture of von Mises
Pn
1
exp(κhx
distributions nc
k , xi)σ(x) [7].
k=1
A sample {xi }ni=1 with T = d1 Id gives rise to a continuous distribution where each xi is the center of a spherical
cap with uniform distribution and fixed cap size.
µ(x) =

2.7 Mapping Gene Expressions onto the Sphere
Co-variation and repression can be analyzed in the framework of directional statistics. For analysis purposes, each
gene of the microarray is considered as a vector of its
expression levels. This perspective yields a collection of d
dimensional vectors. After subtracting each gene vector’s
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Fig. 3

mean and normalizing to the unit sphere, the correlation
can essentially expressed in terms of directionality and
is measurable by means of |hxi , xj i|2 between two gene
expression vectors xi and xj . This way we no longer
distinguish between positive and negative correlation. Since
we are most interested in genes whose expression levels
vary, we remove gene vectors with low amplitude after mean
subtraction, see Algorithm 1 for data pre-processing.
Input: {x1 , . . . , xn } ∈ Rd , s > 0
Y =∅
for i = 1, . . . , n do
xi = xi − mean(xi )
if kxi k > s then
xi
, Y = Y ∪ {y}
y=
kxi k
end
end
Output: Y
Algorithm 1: Pre-processing of gene expression data

3. Results
To determine the threshold parameter s, we plot s versus
the number of removed genes, see Figure 3. We choose s
according to the critical point where the curve changes from
convex to concave, approximately at s ≈ 1.4.
We first test for directional uniformity according to the
Rayleigh and Bingham test. Note that the normalization after
mean subtraction can potentially lead to nonzero mean data
and therefore the Rayleigh test makes sense. The 5% value
of χ28 is ≈ 15 and 8nr̄2 ≈ 13.4, where n = 2148. Thus, the
Rayleigh test fails to reject directional uniformity at a 5%
significance level.
The Bingham statistics
1
2
nj ) −
B(nj ) = 40nj (trace(T{x
), j = 1, . . . , k,
i }i=1
8
1
4
for 4 gene expression sets {xi }ni=1
, . . . , {xi }ni=1
, under directional uniformity are χ235 distributed with error O(n−1
j ).

Fig. 4: Magnitudes of B(n1 ), . . . , B(n4 ) indicating rejection
or acceptance of directional uniformity

The number of genes n1 , . . . , n4 correspond to s =
1, 1.4, 1.8, and 2.2. Directional uniformity is rejected by the
5% rule if B(nj ) ≥ 50. Conversely, directional uniformity
is accepted (by the 5% rule) if B(nj ) < 50. The magnitude
of B(nj ) is presented in Figure 4. It turns out that the directional uniformity is accepted for j = 2, which corresponds to
the choice of s according to the critical point of the curve in
Figure 3 in the first place. Directional uniformity is rejected
for j = 1, 3, 4.
We were convinced that the gene expression data are
not uniformly distributed but are in directional equilibrium,
putatively a mixture of von Mises-Fisher distributions or a
mixture of uniform distributions on spherical caps. However,
estimating the number of modes in a mixture of distributions
and finally identifying these modes is extremely difficult,
cf. [1], [12], [9]. To extract the modes of this mixture,
we tentatively use k-means clustering. Based on extensive
numerical experiments to minimize the fraction between
cluster index and number of clusters as well as based on
previous analyses of the dataset in [5], [8], we finally use a
cluster number of 10. Small cluster indices make us believe
that the cluster centers represent the modes of the data
distribution. The 10 cluster centers’ mean is close to zero
and their Fisher matrix is close to a multiple of the identity
suggesting that we found the modes whose Fisher matrix
satisfies T = d1 Id . In fact, we have computed the frame
bounds A and B and observed that they are close to each
other. Hence, they approximately form a finite unit norm
tight frame and are in directional equilibrium.
One of the cluster centers is close to the gene expression
of nlz2, which, when its expression was blocked in zebra fish
embryos, led to coloboma, a common human developmental
defect of the retina, cf. [5]. Thus, the modes capture one
of the known driving factors in the gene regulatory network.
Although a more extensive and thus more reliable analysis is
necessary, our preliminary data exploration seems to suggest
that the directions within the gene expression microarray
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data align along a Fisher matrix that is a multiple of the
identity.

4. Discussion
Obtaining a clearer understanding of the gene regulatory
networks in developmental biology will be a long process
involving genetic analysis of humans and animal models.
Our work aimed to introduce and verify a novel invariant
of gene regulatory networks in developmental biology, the
directional equilibrium state.
Genes with low variation in the expression levels over
the 8 timepoints might not be associated with the final
optic fissure closure. The threshold, however, cannot be
determined a-priori. In the tests for directional uniformity,
we therefore considered a sequence of gene expression sets
excluding more and more genes at low fold variation along
the 8 timepoints. We verified that the genes varying between
3-fold and 26-fold over the 2 days of embryonic development
form a directional equilibrium state. The smaller subsets
starting from 5-fold and 8-fold variation led to rejection
of uniformity, which gives reason to believe that genes at
lower variation levels significantly contribute to the balance
and dynamics of the gene regulatory network. Directional
equilibrium is also rejected when incorporating all genes
varying from 2-fold to 26-fold. This may indicate that genes
with variations below 3-fold regulate biological processes
entirely separate from the optic fissure closure and do not
even support the directional balance of the network.
Clearly, our results about the novel invariant of gene
regulatory networks controlling development, the directional
equilibrium state, are preliminary, must still be verified
for different datasets, and needs further biological testing.
Applying directional statistical tests for accepting and rejecting directional equilibrium states and other directional data
distributions though could be part of an iterative process to
more completely understand the dynamics of gene regulatory
networks in organogenesis.

5. Conclusion
More efficient analysis of microarray data from microdissected samples could provide improved understanding of cell
fate and organogenesis. Our novel gene regulatory invariant,
the directional equilibrium, offers powerful directional statistical tests for guiding deeper and more detailed analysis
of the underlying gene regulatory network. The findings
indicate that gene expressions of low fold variation could
still influence the regulatory network dynamics of developmental processes. Deviation from directional equilibrium
could signify pathological changes or failure in pathways
whose analysis might be useful to better understand early
disease stages and progression.
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Abstract— The tryptophan operon of E. coli represents an
important regulatory unit consisting of multiple feedback
loops. The role of these loops is crucial to understand
the dynamics of tryptophan biosynthesis. We analyze the
robust stability of this system by splitting its state into fast
(mRNA concentration) and slow (anthranilate synthase and
tryptophan concentrations) variables, under consideration of
nonlinear uncertainties. In addition, we analyze the role of
these feedback loops as key design components, responsible
for the physiological performance of this regulatory unit.
The range of allowed parameter perturbations and the
conditions that ensure the existence of asymptotically stable
equilibria for the perturbed system are determined. We also
analyze two important alternate regulatory designs for the
tryptophan synthesis pathway and derive the corresponding
stability conditions.

robust to parameter perturbations, yet vulnerable to structural
perturbations[1].
In this paper, we present a general robust stability analysis
for the tryptophan operon. To do this we split the system
state into fast (mRNA concentration) and slow (anthranilate
synthase and tryptophan concentrations) variables, under
consideration of nonlinear uncertainties. We analyze the
mathematical system as an uncertain two-time scale system
and show that maximal bounds for fluctuating operating parameters [3] can be obtained. As shown in [6], the regulation
of tryptophan is achieved based on a feedback system consisting of three loops with different tasks. Namely: repression, transcription attenuation, and enzyme inhibition. We
mathematically analyze the role of these multiple feedback
loops on the overall dynamics of this system and improve
the results obtained in [1] by giving a quantitative evaluation
of the robustness domain.

Keywords: Tryptophan operon; Robust stability; Biological regulators; Singularly perturbed system

2. Robust Stability Analysis

1. Introduction

The objective of this study is to discuss the robust properties of the gene regulatory pathway of E. coli’s tryptophan
operon. The analysis is based on a mathematical model and
a rigorous analytic standpoint.
The mathematical description of a general regulatory
pathway is given by [2]

Biological systems regularly exhibit more complex regulatory mechanisms than those required to ensure a nominal functionality. One possible explanation for this is the
necessity of biological systems to operate robustly in the
phase of a constantly changing environment. The tryptophan
operon of E. coli represents one of the best-known molecular
systems, and so it is an excellent candidate for dynamical
modeling and analysis. The genes in the tryptophan operon
(trp) of E.coli code for the enzymes that are needed to
synthesize tryptophan (an essential amino acid) from chorismate. If tryptophan is available, E. coli consumes it and
the trp operon is switched off. This process is accomplished
based on three different regulatory mechanisms: repression,
feedback enzyme inhibition, and transcription attenuation.
Several mathematical models have been formulated (based
on the available experimental data) for the tryptophan
operon [5], [6], [1]. In [6], the role of the three known
regulatory mechanisms was assessed by carrying out both
parameter and structure perturbations. The results based on
numerical simulations showed that this system is highly

ẋ =
ẏ
u̇

=
=

ṡ =

F (u, y) − αx

(1)

G(x, y) − βy
H(s, u, y) − γu

(2)
(3)

K(e, u, s) − δs

where x = [x1 x2 · · · xnx ]T , y = [y1 y2 · · · yny ]T ,
e = [e1 e2 · · · ene ]T , s = [s1 s2 · · · sns ]T , and u =
[u1 u2 · · · unu ]T respectively represent the concentrations
of mRNA (messenger RNA), produced proteins, external
changes, second messengers, and regulator molecules, while
α, β, γ, and δ represent the degradation (and dilution) rates
for x, y, u and s, respectively. Functions F, G, H and K
describe the production rates of x, y, s and e, respectively,
and are rational functions of the arguments.
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Fig. 1: Regulatory unit represented as a control system.

A block diagram of the gene regulatory pathway is shown
in Figure 1. The main part of this unit represents the operon
which, from the point of view of Control Theory, is the
process under control. The external change variable e acts
as an input to the system and the second messenger concentration s, regulatory molecule concentration u, mRNA
concentration x, and the translated protein concentration y
are other variables. The translated protein concentration y
is the output variable. It may affect the control system by
feeding back and affecting the second messenger (s) and the
regulatory molecule (u) concentrations. The goal of this feed
back is the reduction of the influence of external changes and
the achievement of a desired output.
An specific model for the regulatory pathway of E. coli’s
tryptophan operon is given below [5]. The equations in this
model respectively describe the dynamics of the transcription, translation and tryptophan biosynthesis processes.
= kM OΦ(T )Ψ(T ) − (γM + µ)M,
(4)
1
Ė =
kE M − (γE + µ)E,
2
T
Ṫ = ERT (T ) − ρ
− µT.
T + Kρ
In the above equations M represents the intracellular concentration of trpE mRNA, while E and T denote the
concentrations of the anthranilate synthase enzyme and of
tryptophan, respectively. Parameters kM and kE respectively
represent the synthesis rates for M and E, while O, µ, and
γM represent the total operator site concentration, the growth
rate of E. coli, and the mRNA degradation rate. The values
of all these parameter are given in Table 1.
The three regulatory mechanisms in the trp operon are
taken into account in the model by functions Φ(T ), Ψ(T ),
and RT (T ). They model repression, transcription attenuation
and enzyme inhibition, respectively, and are given by

Table 1: Parameter values for the tryptophan model as
estimated in [5].
Symbol
µ
R
KP
KI
ρ
kM
P
KT
α
γM
Kρ
kE
O
KR
KG
γE
kT

Value
0.01min−1
0.8µM
4.5×10−2 µM
4.1µM
240µM min−1
5.1min−1
3.0µM
40.0µM
18.5
0.69min−1
10µM
30min−1
4nM
2.0×10−4 µM
5µM
0min−1
7.3×104 µM

Ṁ

P
KP

Φ(T ) =
1+
Ψ(T ) =

RT (T ) =

P
KP

+

R
KR



T
T +KT

1 + 2α KGT+T

2 ,
1 + α KGT+T

2
KI
kT
KI + T

2 ,

(5)

A block diagram for the tryptophan metabolism regulatory
pathway is given in Figure 2. The main component of this
pathway is the operon itself, which correspondins to the
plant under control. As an input to this system we have
the external changes as well as other variables, such as second messenger concentration being the internal tryptophan,
regulatory molecule concentration such as charged tRNA
and TrpR-tryptophan, mRNA concentration and finally the
translated protein concentration.
A better visualization of the feedback mechanisms is
illustrated in the block diagram derived from [6] shown in
Figure 3.
We define new variables M̃ , Ẽ and T̃ by shifting the old
variables M, E, T by their equilibrium values M ∗ , E ∗ and
T ∗ and obtain thus a new system:

µ
kM OΦ(T̃ + T ∗ )Ψ(T̃ + T ∗ )−
M̃˙ =
γM + µ
−kM OΦ(T ∗ )Ψ(T ∗ )) − M̃ ,
(6)
1
Ẽ˙ =
kE M̃ − (γE + µ)Ẽ,
2
T̃˙ = (Ẽ + E ∗ )RT̃ +T ∗ (T̃ + T ∗ ) − E ∗ RT ∗ (T ∗ ) −
−ρ

T̃ + T ∗
T∗
+ρ ∗
− µT̃ .
T + Kρ
T̃ + T ∗ + Kρ
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Fig. 3: Block diagram of the dynamical behavior of the tryptophan synthesis.

The above system can be transformed into a new system
composed of a slow and a fast subsystems. Indeed, this new
system is a superposition of a linear nominal system and
perturbation terms. In more general terms, we can rewrite our
system in the following form by using the notation: xslow =
[Ẽ, T̃ ] and xf ast = [M̃ ]:
ẋslow

=
+

A11 xslow + A12 xf ast
fslow (xslow , xf ast )

ǫẋf ast

=

A21 xslow + A22 xf ast + ff ast (xslow , xf ast )

where
ǫ=
A12 =



1
2 kE

0



and
A11 =

(7)

−µ 0
0 −µ









0
0



||ff ast (xslow , xf ast )||

≤ α2 ||xslow || + β2 ||xf ast || (9)

where α1 , α2 , β1 , β2 are positive constants and ||f || is the
norm of the perturbed terms.
The linear nominal subsystem of the above system is given
by

0
fslow2

.

ρ

∗

∗

(10)

and its stability is guaranteed by the following lemma.
Lemma 1[7], [4]: If A22 is nonsingular and both A22 and
A0 = A11 −A12 A−1
22 A21 are Hurwitz matrices, then there
exists an ǫ∗ > 0 such that the system (10) is asymptotically
stable for all ǫ ∈ [0, ǫ∗ ).
We need now to determine the upper bounds αi , βi and ǫ∗
such that the system (4) is asymptotically stable, assuming
that A22 and A0 are Hurwitz. Let us define the following
state transformation

with fslow2 = (Ẽ + E ∗ )RT̃ +T ∗ (T̃ + T ∗ ) − E ∗ RT ∗ (T ∗ ) −
∗
T̃ +T ∗
ρ T̃ +T
+ ρ T ∗T+Kρ and
∗ +K
∗

≤ α1 ||xslow || + β1 ||xf ast || (8)

ẋslow (t) = A11 xslow (t) + A12 xf ast (t)
ǫẋf ast (t) = A21 xslow (t) + A22 xf ast (t),

Furthermore, we have
fslow =

||fslow (xslow , xf ast )||

µ
,
γM + µ

, A22 = −µ, A21 =


The nonlinear uncertainties are bounded by

∗

ff ast = kM OΦ(T̃ + T )Ψ(T̃ + T ) − kM OΦ(T )Ψ(T ).



xslow (t)
xf ast (t)





1 0
= 0 1
0 0



− 21 kµE ǫ 
ζ(t)

,
0
η(t)
1

(11)
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− 21 kµ3
. We thus obtain
0





1 0 21 kµE ǫ 
ζ(t)
xslow (t)


= 0 1
.
0
η(t)
xf ast (t)
0 0
1

with H =



Table 2: Stability conditions for the tryptophan synthesis
pathway.
(12)

By using the above transformation we can derive a new
transformed system:
ζ̇(t)
ǫη̇(t)

A−1
22 η(t)

= A11 ζ(t) − ǫA11 · A12 ·
+f¯1 (ζ(t), η(t)),
= −A22 η(t) + f¯2 (ζ(t), η(t)),

+
(13)

where the transformed nonlinear uncertainties are given by
f¯1 (ζ(t), η(t)) = f1 [ζ(t) + ǫHη, η(t)] − Hf2 [ζ(t) +
+ǫHη, η(t)],
f¯2 (ζ(t), η(t))

(14)

= f2 [ζ(t) + ǫHη, η(t)].

The above nonlinear uncertainty can be estimated as
||f¯i (ζ(t), η(t))|| ≤ ᾱi ||ζ(t)|| + β¯i ||η(t)||,

(15)

with α¯1 = α1 +α2 ||H||, β¯1 = ǫ[α1 +α2 ||H||]||H||, α¯2 = α2
and β¯2 = ǫα2 ||H||. The stability of the transformed system
(13) is equivalent to the stability of the original system (4).
Theorem: The system (4) is asymptotically stable for 0 ≤
ǫ < ǫ∗ , where ǫ∗ = min(ǫ∗1 , ǫ∗2 ) is given by equation (23)—
and for any γ > 0 if the following inequalities hold


2α¯1
||α12 || β¯1
α¯2
a = 2−
−γ
+
+
≥ 0, (16)
µ
µ
µ
µ


β¯2
1 ||α12 || β¯1
α¯2
b = 2−2 −
+
+
≥ 0,
µ
γ
µ
µ
µ
with ||α12 || = 12 ǫkE , α¯1 = α1 + α2 ||H||, β¯1 = ǫ[α1 +
α2 ||H||]||H||, α¯2 = α2 and β¯2 = ǫα2 ||H||. As parametric
conditions for the tryptophan network resulting from the
asymptotic stability, we obtain
1 − α1 − α2 ||H|| > 0,

(17)

4µ(1 − α1 − α2 ||H||) > α22 .

(18)

and
Proof: We choose V (ζ(t), η(t)) = ζ T P ζ + ǫη T Rη as a
Lyapunov function for the new transformed system. In this
definition, P, R are the solutions of the Lyapunov equations
AT0 P + P A0
AT22 R + RA22

=
=

−2QP ,
−2QR .

(19)

Choosing QP = QR = I we obtain P = −A−1
11 and R =
−A−1
.
From
equations
(13)
and
(19)
the
derivative
of the
22
Lyapunov function is
V̇ (ζ(t), η(t))

Stability conditions
1 − α1 − α2 ||H|| > 0
4µ(1 − α1 − α2 ||H||) > α22

≤ ζ̇ T P ζ + ζ T P ζ̇ + ǫη̇ T Rη +
+ǫη T Rη̇
(20)
T
T
T
¯
= −2ζ ζ − 2η η + 2ζ P f1
+2ζ T ǫ||H||η + 2η T f¯2 . (21)

We make use now of the inequality 2||ζ||||η|| ≤ γ||ζ||2 +
1
2
γ ||η|| , valid for any γ > 0 in our Lyapunov function and,
thus obtain
V̇ (ζ, η) ≤



2α¯1
α¯2
||α12 || β¯1
≤ − 2−
−γ
+
+
||ζ||2
µ
µ
µ
µ



β¯2
1 ||α12 || β¯1
α¯2
−
2−2 −
+
+
||η||2 . (22)
µ
γ
µ
µ
µ
We see from the equation abovehthat V̇ (ζ, η) ≤ 0 means
that
i
¯
a, b ≥ 0, with a = 2 − 2αµ¯1 − γ ||αµ12 || + βµ1 + αµ¯2 ≥ 0 and
h
i
¯
¯
b = 2 − 2 βµ2 − γ1 ||αµ12 || + βµ1 + αµ¯2 ≥ 0—is a sufficient

condition for V̇ (ζ, η) ≤ 0. We thus obtain two equations for
ǫ
E − γN
Mγ − N
0 ≤ ǫ ≤ ǫ∗1 =
, 0 ≤ ǫ ≤ ǫ∗2 =
, (23)
Oγ
Dγ + O

with M = 2µ, N = α2 , O = k2E + α1 ||H|| + α2 ||H||2 ,
D = 2α2 ||H|| and E = 2 − 2(α1 + α2 ||H||). Since ǫ∗1 is
strictly decreasing and continuous on γ > 0 and ǫ∗2 is strictly
increasing and continuous on γ > 0, it follows that ǫ∗2 − ǫ∗1
is strictly increasing and continuous on γ > 0. Thus, there is
a unique γ ∗ > 0 such that ǫ∗1 (γ ∗ ) = ǫ∗2 (γ ∗ ). This represents
the value of γ > 0 for which ǫ∗ = maxγ>0 min(ǫ∗1 , ǫ∗2 ). By
equating ǫ∗1 and ǫ∗2 , we obtain from the quadratic polynomial
(M O + N D)γ 2 − DEγ − OE = 0 the maximum value of
ǫ∗ . This quadratic polynomial has one positive real solution
γ ∗ > 0 given by
p
DE + (DE)2 + 4OE(M O + N D)
∗
γ =
.
2(M O + N D)
By substituting the above expression into ǫ∗ , we obtain
max ǫ∗ =
γ>0

M γ∗ − N
E − γ∗N
=
.
O + Dγ ∗
Oγ ∗

(24)

As a consequence of the fact that ǫ∗ > 0, we get the
following stability conditions to be fulfilled, as depicted in
Table 2.
Following [5] we consider two distinct alternate regulatory
designs for the tryptophan synthesis pathway: (1) a mutant
lacking the transcription attenuation regulatory pathway (
we mimmic this mutant by substituting the function RT (T )
by RT (T ∗ )) and (2) a mutant lacking enzyme inhibition
(this mutant is simulated by substituting function Ψ(T ) by
Ψ(T ∗ )) The derived theoretical concepts are illustrated in
two different examples derived from Figure 3.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Example 1: Let us consider an alternate regulatory design
lacking transcription attenuation and let α1 = 0.5, α2 =
5.8 · 10−8 for the system described by equation (4). Using
equation (24), we obtain γ ∗ = 7.05. The optimized ǫ∗ is
given as ǫ∗ = 1.7 · 10−4 . So the system is asymptotically
stable for 0 ≤ ǫ ≤ 1.7 · 10−4 .
Example 2: We consider again the above system but this
time in the absence of the enzyme inhibition mechanisms.
Using equation (24), we obtain γ ∗ = 9.48. The optimized ǫ∗
is given as ǫ∗ = 1.15 · 10−3. So the system is asymptotically
stable for 0 ≤ ǫ ≤ 1.15 · 10−3 .
In summary, we have shown that the regulatory pathway
of the wild-type and of both mutant strains have a single
steady state which is asymptotically stable.

3. Conclusion
We analyzed and identified the relationship between the
design of the tryptophan regulatory unit and its physiological
function. This robust design of the regulatory mechanism is
needed in order to deal with uncertainties while ensuring a
stable operating point. We used concepts from the theory
of uncertain singularly perturbed systems and applied these
results to study robustness properties of the tryptophan
system in E. coli. This system represents an important
control system where three processes, transcription, translation and tryptophan synthesis, are in series and describe
negative feedback loops corresponding to transcription repression, transcription attenuation, and enzyme inhibition.
In addition, this is a multiple time-scale system combining
a coupled nonlinear fast and slow dynamics. In this sense
we established robustness stability results for the reduced–
order model and determined the conditions that ensure the
existence of asymptotically stable equilibria of this model. A
sufficient condition for the nonnegative singular perturbation
parameter, representing in our context the sum of the specific
growth rate of E. coli and the degradation rate constant for
mRNA, is derived for the uncertain reduced–order model
under the condition that the nonlinear uncertainties are
bounded.
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Abstract— High-throughput gene expression profiling techniques
are used in many studies nowadays. Most of studies still use
datasets consisting of small number of samples that were set as a
standard at the beginning of this century. Introduction of large
repositories of microarray datasets brings significant
improvements in reliability of obtained gene expression
signatures. This study is based on samples from a large
repository of microarray gene expression samples and presents
results of gene selection based on information gain criteria. An
optimal number of genes in gene expression signature for specific
cancer types is estimated by performance of classification using
Support Vector Machines.
Keywords— gene expression, microarray, oncology, cancer
genomics.

I. INTRODUCTION
Novel technologies, like microarray gene expression
profiling, promise significant advances in research and
practical use of gene expression measurements. Typical use of
gene expression analysis in oncology focuses on searching for
optimal subsets of differently expressed genes between two
different groups of samples. Such gene sets are often called
gene expression signatures and are used to compare cancer
tissues to normal healthy tissues and gain insight into
processes that could lead to the malignant behaviour of cancer
cells. Different types of cancer are among the most studied
diseases in microarray analysis. Because of high costs of gene
expression measurements for each patient there are very few
available datasets with high number of samples.
The problem of obtaining reliable gene expression
signatures is directly connected with the lack of datasets
containing more than one or two hundred samples that is a
usual standard in gene expression analysis. A study by EinDor et al. [1] theoretically demonstrates that thousands of
samples would be needed for reliable gene expression
signatures, but unfortunately such datasets are not available,
yet. Recent review paper by Dupuy and Simon [2] shows that
only 5 out of 90 reviewed microarray studies in oncology
included more than 100 patients with outcome information.
Lack of large microarray datasets can be reduced by
integrating data from existing datasets in so called metaanalysis studies [3], [4]. However, combining information
from multiple studies includes a lot of problems, especially
because of different protocols and technologies used by
different research groups [5]. Additional differences may arise

due to biological differences among samples of different
studies (e.g. age, sex, disease stage) [6]. These problems were
addressed by International Genomic Consortium (IGC) in a
joint project of multiple medical centres. They established a
uniform system for obtaining and processing tissue samples.
Standardized methods of collecting tissues and clinical
annotation for each tissue sample that enable researchers to
work with datasets containing much higher number of samples
that were available before.
This study tries to find two groups of genes – i.e. genes that
are expressed in specific cancer types and genes that are
differently expressed across all cancer tissue type comparisons.
Gene selection based on information theory was used to
determine gene expression signatures and determine optimal
number of selected genes. Top ranked genes are compared
with published studies for specific cancer tissue types to
confirm the presence of genes in existing studies and point out
potentially novel genes expressed in specific cancer tissues.
II. MATERIALS AND METHODS
This study used data from one of the largest publicly
available cancer microarray repositories – i.e. Expression
Project for Oncology (expO) Repository by IGC. Data from
expO was additionally separated in binary classification
datasets by cancer tissue types. All datasets used in this study
are available at Gene Expression Machine Learning
Repository (GEMLeR – http://gemler.fzv.uni-mb.si). It
represents the largest collection of systematically ordered
microarray datasets in oncology. The largest datasets where
one of nine cancer types is compared against eight other
cancer types exceed 1500 samples and represent some of the
largest datasets from uniform platform. Data is available for
nine different groups of samples separated by cancer type – i.e.
breast cancer (344 samples), colon (286), kidney (260), ovary
(198), lung (126), uterus (124), omentum (77), prostate (69)
and endometrium (61) with each of them containing
measurements of over 54 thousand probes. All measurements
are based on the Human Genome U133 Plus 2.0 Array Gene
Chip from Affymetrix that includes more than 54,000 probe
sets representing relative expression level of more than 47,000
transcripts and variants, including more than 38,500 well
characterized genes and UniGenes [7].
A. Information Gain Based Gene Selection
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TABLE 1
FIVE TOP RANKED GENES FOR EACH GROUP OF CANCER TISSUES, AND ADDITIONAL LIST OF TOP RANKED GENES ACROSS ALL DATASETS.
All Cancer Types

Lung

Probe

Gene Symbol Score Count

Probe

Gene Symbol

Score Count

219993_at

SOX17

35.49

20

218835_at

SFTPA2

87.00

8

230943_at

SOX17

31.98

19

37004_at

SFTPB

82.78

8

228377_at

KLHL14

23.51

17

223678_s_at

hCG_2025128 81.78

8

206893_at

SALL1

22.76

15

209810_at

SFTPB

81.67

8

229273_at

SALL1

22.29

14

228782_at

SCGB3A2

79.00

8

Probe

Gene Symbol Score Count

Probe

Gene Symbol

Score Count

Breast

Uterus

209604_s_at GATA3

70.00

7

206893_at

SALL1

50.89

6

210239_at

68.67

7

229273_at

SALL1

49.44

6

209602_s_at GATA3

64.44

7

219993_at

SOX17

46.56

5

209343_at

EFHD1

53.44

7

230943_at

SOX17

43.67

5

221884_at

EVI1

50.11

6

213707_s_at

DLX5

39.00

5

IRX5

Colon

Omentum

Probe

Gene Symbol Score Count

Probe

Gene Symbol

Score Count

203824_at

TSPAN8

75.33

8

206067_s_at

WT1

70.33

7

209847_at

CDH17

72.56

8

216953_s_at

WT1

56.56

7

218687_s_at MUC13

72.44

8

204069_at

MEIS1

46.33

5

204272_at

72.33

7

1559477_s_at MEIS1

44.56

5

72.33

8

239381_at

44.33

5

LGALS4

207463_x_at PRSS3
Kidney
Probe

KLK7
Prostate

Gene Symbol Score Count

Probe

Gene Symbol

Score Count

207434_s_at FXYD2

87.44

8

204582_s_at

KLK3

89.11

9

205674_x_at FXYD2

87.33

8

210339_s_at

KLK2

88.78

9

237328_at

Hs.160711

81.56

9

209706_at

NKX3-1

88.78

9

228780_at

Z70770

75.89

8

209854_s_at

KLK2

88.67

9

220084_at

C14orf105

74.11

8

204393_s_at

ACPP

88.56

9

Probe

Gene Symbol Score Count

Probe

Gene Symbol

Score Count

219993_at

SOX17

42.44

5

213707_s_at

DLX5

65.89

7

204548_at

STAR

41.44

4

205932_s_at

MSX1

62.67

7

222871_at

KLHDC8A

39.44

5

242940_x_at

DLX6

53.11

6

219873_at

COLEC11

39.22

4

219993_at

SOX17

50.78

5

230943_at

SOX17

38.22

5

218763_at

STX18

50.00

6

Ovary

Endometrium

Information theory based [8] gene selection that was
initially used in decision tree building algorithms [9] was used
for gene selection procedure. Information gain is a measure
based method, were each gene obtains an information gain
score. Information gain is calculated on the basis of gene
expression values of the first and second compared group of
patients. An important term in information theory is entropy

of information that is inversely proportioned to information
content and can be defined as follows:

where p(c|g) represents relative frequency of gene expression
g in group (class) of patients c. Each gene has k distinct values,
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Fig. 1. Two dimensional plots for combinations of SOX17, SALL1 and KLHL14 average expression values by cancer types.

where k equals to number of samples in dataset and can be
used to partition the gene expression values in two groups, k-1
times. Information gain measures a difference in entropy that
ensures the optimal separation in two groups of patients:

where ki represents number of samples in partition i. After
calculation of Information Gain score for each gene, all genes
can be ranked according to their Information Gain score.
Usually n top genes are selected for inclusion in gene
expression signature. In our study 100 top genes were used in
most experiments, although there are many methods that focus
only on determination of optimal number of gene in a gene
expression signature.
B. Classification
The last experiment of this study tries to determine optimal
number of genes needed for reliable gene expression
signatures. A simple approach measuring classification
accuracy of a simple classification method using different
numbers of selected genes is used. This method tracks
accuracy by increasing the number of selected genes where
classification accuracy should achieve it highest value (peak)
and later stabilize or drop when too much genes are included

in gene expression signature. To asses classification accuracy
a linear Support Vector Machine (SVM) [10] classifier was
used.
Since all experiments in this study were done using WEKA
machine learning framework [11] an improved SVM learning
algorithm called Sequential Minimized Optimization (SMO)
[12] for SVM was used. SVM can handle very large-scale
classification in both number of samples and number of
variables [13] and are therefore suitable for gene expression
analysis. It takes two steps to build a SVM classifier. The first
step includes mapping of data vectors to a high dimensional
space, while the second step tries to find a hyper plane in the
new space with maximum margin separating the classes of
data. The simplest example of SVM is hyper plane that
separates two classes of examples with maximum margin. The
margin is defined by the distance from the hyper plane to the
nearest of the data points.
One of the most problematic limitations of supervised
classification methods is so called overfitting to training set of
examples. It is possible to at least partially avoid this problem
by using external validation, although there are still many
papers that do not use that kind of validation and are
presenting overly optimistic accuracy rates. The most
appropriate methods, according to study by Ambroise and
McLachlan [14], are repeated k-fold cross-validation [15] or
suitably defined bootstrap validation methods [16], [17].
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Fig. 2. Relationship between classification accuracy (solid line), area under ROC curve (dotted line) and number of samples selected using information gain for
nine cancer types.

But using one of the above mentioned methods of
validation is not enough. They should be used in the scope of
so called external cross-validation, which means that feature
selection and classification should be done on the training set
and validated on a completely independent external test set.
On the other hand in so called internal validation, which
returns biased results, feature selection process is made before
cross-validation procedure and therefore parts of the data that
will be used as a test set during cross-validation were already
used during feature selection.
Following recommendations from Ambroise and
McLachlan our study uses a 10-fold cross-validation for all
classification performance measurements. Instances were
randomly shuffled and stratified according to the class values
of samples before they were divided into 10 subsets also
called folds. The classification performance evaluation
procedure is then repeated 10 times with one of ten different
test folds used in each repetition. Classification performance
is evaluated using two measures to avoid overly optimistic
classification performance rates in imbalanced datasets.
Classical classification accuracy that is calculated as a
quotient between number of correctly classified and number

of all samples is the most frequently used classification
performance metric. An alternative measure in binary
classification problems, called Receiver Operating Curve
(ROC) or simply area under curve, that is more prone to
classification in imbalanced datasets was used as a second
metric.
III. RESULTS
A. Gene Ranking
As already mentioned in the previous section 9 different
cancer types were used in this study. First part of the study
uses Information Gain based gene selection to calculate
average score for each probe measured across all 45 datasets
from GEMLeR. For each cancer type there are 9 datasets
available – i.e. 8 datasets comparing the selected cancer
samples to 8 remaining cancer types and one dataset
comparing all samples of selected cancer to remaining cancer
types where their cancer type is substituted with class value
―Other‖. Score for each gene was calculated by averaging
rank scores across all nine available datasets for each cancer
type:
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(TBS) as well as bronchio-oto-renal syndrome (BOR), shows
strong expression in kidney cancer.
where m represents number of available datasets and Ri (g)
represents rank of gene g in dataset i, which is determined by
ranking genes according to their Information Gain score.
Tables of five top ranked genes in each category with
additional information on their average score S(g) and
frequency count across all datasets are displayed in Table 1.
Last column displaying frequency of selected gene represents
number of times this gene has been selected among top 100
genes. In case of All Cancer Types list, maximal number of
selection was 45, which is equal to number of all available
datasets.
Observing count statistics one can ascertain that top five
genes from prostate cancer top ranked genes list were present
among 100 top ranked genes in each of 9 datasets. Not only
high frequency, but also high rank based gene scores show
that top prostate cancer genes represent genes that are very
specific to this cancer type and are not shared with other
cancers. In terms of classification and gene selection such
datasets represent easier task and guarantee higher accuracy
rates in comparison to other cancer types where frequency and
score of top ranked genes is not so high. One of such cases is
ovary cancer where top ranked genes appear only in
approximately half of all ovary specific 100 top ranked genes
in our experimental setting. It can be observed that gene
SOX17 was placed among top 5 genes two times as a
consequence of two probes on the chip representing this gene.
The same gene can also be found in the general All Cancer
Types list, which means it represents a very general gene and
not an ovary specific gene.
A list representing all cancer types was also used to
visualize all nine cancer types using the top ranked genes
shared among all nine cancer types (Figure 1). Eliminating
one of genes that appear two times, because of two probes
available for the same gene, three genes were be selected for
visualization – SOX17, KLHL14 and SALL1.
There is a logical explanation of an extremely high gene
score for two probes representing SOX17 gene. According to
EntrezGene [18] SOX17 encodes a member of the SOX (Sex
determining region Y-related)-box 17 family of transcription
factors involved in the regulation of embryonic development
and in the determination of the cell fate. On the other hand it
is obvious that out of nine compared cancer types there are
almost half of them that are sex specific – i.e. endometrium,
uterus, ovary and omentum (as a consequence of ovary cancer
that very often spreads to omentum). Ability of SOX17 gene
to separate sex specific cancers can be seen in Figure 2, where
SOX17 is compared to KLHL14 and SALL1 in terms of
average gene expression among all patients in analyzed
datasets. From two remaining genes, KLHL14 is especially
suitable for further separation of four sex specific cancers – i.e.
average expression of KLHL14 is the lowest in endometrium
cancer that has the highest expression of SOX17 and viceversa for omentum cancer. Our study shows that SALL1
which has been known to be associated with Townes-Brocks

B. Accuracy of Classification
An experiment using SVM and Information Gain gene
selection was conducted in attempt to find optimal number of
selected genes in a gene expression signature. Classification
accuracy and area under ROC curve were measured in nine
OVA datasets from GEMLeR for different number of selected
genes ranging from 10 to 150 in steps of 10. Each
performance measurement was conducted using 10-fold crossvalidation and repeated 5 times after randomization in order of
samples of original datasets. Results of classification
performance measurements are displayed in Figure 2 and
show that only a few datasets achieve their peak using less
than 150 genes. All nine charts show unusual levels of
classification accuracy in comparison to area under ROC
curve which is due to high level of imbalance between
selected cancer and other cancer samples in OVA datasets. It
is therefore evident that area under ROC curve represents the
most appropriate performance metric for all datasets. On the
other hand, Endometrium, Uterus and Omentum datasets
show extremely low levels of area under curve measurements.
This can be attributed to low number of samples in this
datasets representing observed cancer type in comparison to
extremely high number of other samples in mentioned datasets.
Interestingly, most frequently studied cancer types in gene
expression analysis are examples of datasets where low
number of selected genes is needed for peak performance – i.e.
breast, colon and prostate cancer. Breast cancer achieved peak
performance at 70 selected genes, colon cancer at 60 and
prostate cancer with only 30 genes selected using Information
Gain gene selection method. Observing similar studies one
can ascertain that 70 selected genes in breast cancer
completely agrees with optimal number of genes set in a study
by Veer et al. [19] that represents a foundation for the first
FDA approved clinical test based on microarray gene
expression technology [20], [21].
IV. MATERIALS AND METHODS
This study shows an alternative approach to identification
of gene expression signatures among different cancer types
and could be one of small steps towards personalized
medicine in the future [22]. It is expected that more studies
like this will emerge after a large repository of gene
expression measurements collected by IGC was released to
public use. It was demonstrated that many already known
genes were confirmed as members of cancer specific gene
expression signatures. On the other hand some novel genes
emerging in high ranked positions were spotted and could be
used to guide further research in specific cancer types.
Visualization techniques used for interpretation of cancer that
can be used to differentiate cancer types between themselves
shows that sex specific gene expressions play an important
role when discerning most studied types of cancer.
Reliability of proposed information gain based approach to
gene selection was measured using last experiment where two
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classification performance metrics were used. It was shown
that this approach to estimation of optimal length for gene
expression signatures returned some results very similar to
previous studies. Contrary to such findings in datasets with
higher number of samples, it was demonstrated that this
approach cannot be used in extremely imbalanced datasets
with low number of samples for selected types of cancer.
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Abstract— Correct interpretation of tandem mass spectrometry (MS/MS) data is a critical step in the protein identification process. Comparing experimental spectra against a
library of simulated spectra generated from a database is the
most common strategy for this interpretation. Unfortunately,
problems arise when treating unsequenced species since, in
this case, the proteins to be identified are absent from the
databanks and experimental spectra can only be compared
to theoretical spectra from close and already sequenced
organisms. In this context, spectra comparisons become a
notoriously difficult problem.
In this paper, we deal with this problem by considerably
improving PacketSpectralAlignment (PSA), a method we
presented in [1]. First, we explain how to take full advantage
of PSA by carefully selecting the most promising alignment
positions during the algorithm, and how to precisely fix
the parameters of PSA. Second, we present a new method,
referred to as PSAwEL, which allows a better localisation of
modifications. We then propose a new peptide identification
framework that integrates these improvements. Finally, we
propose a comparison between PSA and the reference,
SpectralAlignment [2], which shows that PSA behaves better
in terms of: (i) quality of the results; and (ii) execution time.
Our tests were conducted on the ISB dataset [3]. We then
validate our new framework on Brachypodium data.
Keywords: Proteomics, MS/MS, Spectra Alignment, Peptide
Identification, Unsequenced species

1. Introduction
In proteomics, tandem mass spectrometry (MS/MS) is a
common technique used to analyse proteins. By selecting,
isolating and fragmenting the peptides, the tandem mass
spectrometer produces a large number of MS/MS spectra.
The protein identification process relies on the correct interpretation of these spectra. Each spectrum must be associated
with the peptide it best represents, and once the peptides
are correctly identified, they must be clustered to identify
proteins.
The correct interpretation of a spectrum is a crucial step
toward protein identification. The most widely used method
relies on spectra comparison. It compares the experimental
spectra produced by the mass spectrometer with theoretical
spectra inferred from the different peptides generated by an
in silico digestion of all the proteins contained in a databank.
After a filtering process that aims at eliminating noise and

incorrect candidates [4], comparisons between experimental
and theoretical spectra are evaluated and ordered according to a given scoring function. The theoretical spectrum
with the best score is associated with the corresponding
experimental spectrum. The most intuitive scoring function
is known as Shared Peaks Count (or SPC), and consists in
counting the number of common peaks between both spectra.
Many commercial or academic spectra comparison software
systems, such as MASCOT [5] or SEQUEST [6] are based
on SPC. Other more recent tools such as X!Tandem [7] or
InsPecT [8] have led to improvements in terms of speed by
adding efficient filtering methods.
Unfortunately, even with their latest improvements, these
methods have limits, notably when the species under study
are unsequenced. Since no protein databank exists for such
species, spectra comparison can only be undertaken with theoretical spectra obtained from close and already sequenced
organisms. Consequently, this means that multiple and various modifications (i.e., insertion, deletion or substitution of
one or several amino acid(s)) may appear inside most of the
peptides, which implies that many MS/MS spectra will not
have an exact match inside the databank.
There are several solutions available at this time to address this difficulty. The first one consists in extending the
databank by applying all the possible modifications to each
peptide from the databank. However, this solution, which
leads to an exponential number of possibilities, is obviously
too time-consuming [9] when applied to unsequenced organisms. The other one, SpectralAlignment (SA) [2], [10],
[11], is a dynamic programming algorithm that has been
designed to identify peptides in the presence of modifications
and Post Translational Modifications (PTM). However, as we
will see later, it cannot deal with too many modifications (at
most 2 [10]), and also presents some difficulties in terms of
execution time on large datasets.
The main objective of this paper is to show that it is
possible to improve spectra comparison in order to allow
a better identification of peptides in presence of unexpected
modifications. By unexpected, we mean that the user does
not need to define them prior to identification.
In a previous work, we presented a new spectra comparison algorithm, PacketSpectralAlignment (PSA), based on a
dynamic programming approach described in detail in [1].
This algorithm uses two intrinsic characteristics of spectra
that we referred to as “symmetry” and “packet”, two notions
that had never been previously taken into account (they are
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briefly presented in Section 2). In this paper, we go one step
further by showing how we can take better advantage of the
notion of packet. In Section 3, we begin by fully exploiting
its potential with the notion of possible positions. We then
deal with the practical issues of setting the parameters of
PSA in order to obtain a good trade-off between execution
time and quality of the results. In Section 4, we propose an
enhanced version of PSA, called PacketSpectralAlignment
with Exclusion List (or PSAwEL), specifically designed to
allow the precise localisation of modifications. In Section 5,
we show how we can integrate PSA into a complete peptide
identification framework. Section 6 includes experiments
that: (i) validate the improvements we have made to PSA
by comparing it to SpectralAlignment; and (ii) validate our
new framework. Section 7 is the conclusion.

2. Preliminaries
An MS/MS analysis induces peptide fragmentations, and
the mass spectrometer determines the masses for peptides
and their fragments. Although many peptide bonds could
possibly be fragmented, the most significant cuts appear
along the peptide backbone.
An MS/MS spectrum is mainly composed of a set of
peaks, where each significant peak represents the mass
resulting from the dissociation of a given peptide into two
fragmented ions: an N-terminal ion (ai , bi , ci ), and a Cterminal ion (xi , yi , zi ) (see Fig.1). Additionally, peaks
corresponding to neutral loss (water, ammonia) are also
frequently observed. It can be observed that a symmetry
exists between N-terminal and C-terminal peaks for each
given fragmentation: the N-terminal peak corresponding to
the N-terminal ion and the C-terminal peak are linked
by the relationship m(C-terminal) = m(peptide) − m(Nterminal) − 20, where m(X) represents the mass of the
fragment X (note that the value of −20 is due to the fact
that the peptide is not symmetric at its extremities (Fig.1)
and to ionisation). This notion of symmetry is valid for all
fragmentations.

Fig. 1: Fragmentation points inside a peptide containing four
amino acids (AAi with i ∈ [1; 4]). Ri (i ∈ [1; 4]) are chemical compounds that determine the corresponding amino acid.
The notation was introduced by Roepstorff et al. [12].
The presence of a modification in a peptide can be
deduced by observing a difference in the peptide mass and
a shift in all the masses of the fragments containing the
modification. Nevertheless, in order to take a modification
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into account in a spectrum, it is not possible to simply
shift all the peaks located to the right of the modification
site because such shifts would destroy the link between Nterminal and C-terminal peaks, causing the inner symmetry
to be broken. Given an experimental spectrum and a set
of theoretical spectra obtained from a protein databank, our
goal is to determine which theoretical spectrum best fits
the experimental spectrum. In order to conserve the inner
symmetry during the spectra alignment even if modification
does exist, both theoretical and experimental spectra need to
be pre-processed before alignment.
Construction of a theoretical spectrum using packets:
Since the theoretical spectrum (St ) is built in silico, we
decided to replace the C-terminal peaks with their respective
symmetric peaks for computational purposes. Let mi be
the mass of the i-th C-terminal peak. Its mass is then
replaced by Mpeptide − mi , where Mpeptide is the mass of
the peptide represented in St . After application of symmetry,
the theoretical spectrum is referred to as the theoretical
symmetric spectrum (or SSt ).

Fig. 2: A fragment of the theoretical spectrum corresponding to peptide QQQQQEGEEEGFIIR, after application of
symmetry. The grey area represents a single packet.
For the construction of SSt , we chose to keep, for
each type of fragmentation, the nine most frequent peaks
observed in experimental spectra when using a Q-TOF mass
spectrometer [13], [14]. After the application of symmetry,
these nine peaks may be clustered into a single packet. A
packet represents all the fragmentations occurring between
two consecutive amino acids of the peptide. Therefore, SSt
can now be represented by a list of packets rather than a list
of peaks. An example of a packet is shown in the grey area
of Fig.2.
Applying symmetry to experimental spectra: In order
to make the alignment consistent, modifications similar to
those applied to the theoretical spectrum should be applied
to the experimental spectrum. Unfortunately, the distinction
between C-terminal and N-terminal peaks in an experimental
spectrum (Se ) is a complex task. For this reason, we decided
to add a new symmetric peak for each existing peak in
Se , generating a new experimental symmetric spectrum
(SSe ). However, in that case, it is necessary to prohibit the
alignment of certain pairs of peaks: for example, N-terminal
peaks from SSt should only be aligned with the “original”
peaks from SSe . To do this, we just need to keep track of
whether or not it is original, for each peak.
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Alignment of spectra: PacketSpectralAlignment searches
for the best alignment between the two spectra, SSe and
SSt , that is, the alignment that obtains the best possible
score, based on the assumption that a higher score means a
better similarity. In order to find this alignment, we rely on a
dynamic programming approach, as was previously done by
Pevzner et al. [2]. The main distinction is that PSA does
not align the peaks from SSt on the peaks of SSe , but
the packets from SSt on peaks from SSe . Moreover, PSA
prohibits the overlapping of two packets (see [1] for more
details about PSA).

guarantee the best trade-off between quality (AUC) and
execution time on the ISB_dataset.

(a)
Datasets and evaluation of the results: In this paper, we
often need to evaluate the quality of PSA, notably in order
to tune correctly the different parameters. For this, we use
a set of experimental data coming from the analysis of 18
well-known proteins: the ISB dataset [3]. By comparing the
results provided by the ISB on these experimental data to
the results we have obtained using PSA, we can compute
the number of true positives (TP), false positives (FP), true
negatives (TN) and false negatives (FN). Using these values,
it is possible to plot a Receiver Operating Characteristic
(ROC) curve for each experiment, using ROCR [15]. A
ROC curve represents the plotting of the true positive rate
(T P R = T P/(T P + F N )) versus the false positive rate
(F P R = F P/(F P + T N )). In order to decide the value
to which a parameter should be set, we look at the area
under the ROC curve (AUC). AUC is a good value to assess
the quality of the results and is equivalent to the probability
that a given method will rank a randomly chosen positive
instance higher than it will rank a randomly chosen negative
instance. Thus, the higher the AUC is, the better the results
are [16].
In this paper, all parameters are evaluated on run number
2 of the 2nd Mix on the Q-TOF 1 mass spectrometer from
the ISB dataset [17]. This run contains 589 experimental
spectra and is referred to as the ISB_dataset in this paper.
Concerning databanks, two were used: (i) the 18mix that
contains the 18 proteins from the above-mentioned analysed
mix; (ii) the 18mix_rice1700 databank, obtained by adding
1700 randomly chosen rice proteins to the 18mix databank,
to incorporate noise.

3. Improvements of PSA
3.1 Filtering the peaks from SSe
Before any comparison between an experimental spectrum
and theoretical spectra can be made, we need to filter out the
background noise it contains. Based on results found in [4]
and in our own experiments (see Fig.3(a)) , we chose to
select only the six most intense peaks along a sliding window
with a width of 110 Da, which corresponds to the average
size of an amino acid. Fig.3(a) shows that these parameters

(b)

Fig. 3: (a) Behaviour of PSA in function of the number
of peaks kept during the filtering process. (b) AUC for
several packet scoring functions that take into account peak
intensity. Peak rank refers to the rank of the peaks when
they are ordered by intensity, 0 being the most intense. All
the tests were conducted on the ISB_dataset.

3.2 Possible Positions
For any theoretical spectrum SSt obtained from a peptide
P, it is important to note that the notion of packet does
not depend on the precise identity of the amino acids that
compose P. Thus, PSA aims at aligning peaks from SSe
to peaks from SSt by sliding a single packet P (that
contains all the peaks from a single fragmentation) along
SSe . However, PSA can be easily improved, in terms of
execution time, by a pre-process that consists in keeping
only possible positions in memory, that is, positions in SSe
where the peaks from P are “sufficiently well” aligned with
peaks from SSe . More precisely, the possible positions will
be positions in SSe for which the alignment score between
P and SSe will be greater than or equal a given threshold
T . It remains to determine the value of T , which can only be
done once the peaks from SSe are filtered and the “packet
scoring function” is fixed.
Packet Scoring Function: As seen above, the packet scoring function is used to evaluate the quality of the alignment
between packet P and SSe , at each position m of SSe . It
is defined as follows:
P acket_Score(P, m, SSe ) =

9
X

w(pi ) ∗ s(pi , m)

(1)

i=1

where i is the index of a peak in the packet P , w(pi ) is
the weight associated with each peak pi of P , and s is the
“peak scoring function”, that gives a value to each peak in
SSe that is aligned with pi when P is at position m.
For each peak pi of packet P , we decided to set w(pi )
according to the probability of occurrence of the corresponding ion in an experimental spectrum (for a Q-TOF
mass spectrometer, these probabilities can be found in [13],
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(c)

Fig. 4: (a) Evolution of the quality and execution time of PSA in function of parameter T . (b) Evolution of the quality of the
results depending on the number of possible positions kept for a 110 Da width window. (c) Evolution of the quality of the
results depending on the number K of modifications searched by PSA. All the tests were conducted on the ISB_dataset.

[14]). In SSe , different factors could be used to define
s. For example, if we simply consider the presence of a
peak without any other information (such as peak intensity),
then s is set to 1 (see S1 in Fig.3(b)). It is also possible
to use the peak rank (i.e., the rank of the peak when
they are ordered by decreasing intensity) to produce more
elaborate values of s. Score S2 (resp. S3, S4, S5) in Fig.3(b)
sets s to C − peak_rank with C = 100 (C = 150,
C = 250 and c = 400, respectively). We also tested two
other peak scoring functions, referred to as S6 and S7 in
Fig.3(b): S6 uses a normalised intensity (i.e., s is set to
peak_intensity/highest_intensity), while in S7, s is set
to 1 + 1/(peak_rank + 1).
The tests we conducted on the ISB_dataset are summarised in Fig.3(b). The comparison of these different values
using the AUC reveals that taking intensity into account
beyond the probabilistic weight w(pi ) (see S2 to S7) does
not improve the results compared to S1. We therefore
decided to use S1 for our packet scoring function.
Filtering possible positions: Now that the packet scoring
function is set, we need to define the threshold T over
which a given alignment will be considered in the list of
possible positions. Experiments run on the ISB_dataset,
and illustrated in Fig.4(a), show that opting for a value
T > 8.00 weakens the results, while for any T ≤ 8.00,
the quality of the results remains roughly the same. In order
to substantially decrease the execution time, we look for the
greatest T that allows good results; we therefore decided to
set T = 8.00. Moreover, this corresponds to the following
intuitive idea: a position is kept if at least a b ion or a y ion
(for which the respective scores are 8.3 and 8.7) is used in
the alignment.
Another idea consists in filtering, this time by looking
at how each possible position contributes to the packet
score in comparison with other possible positions around it.
More precisely, our idea is to use a sliding window and to
keep only the best possible positions inside this window.
Experiments on the ISB_dataset (see Fig.4(b)) showed

that using a window with a width of 110 Da and keeping
only six possible positions per window is a good tradeoff. As an illustration, when we use this filtering on the
ISB_dataset, the average number of possible positions in
a given experimental spectrum drops from 260 to 80.

3.3 Fine tuning of PSA parameters
As an input, PSA needs a list of (pre-computed) possible
positions, a theoretical spectrum SSt and the maximum
number of modifications K that we allow. PSA then computes the score of the best alignment between the set
of possible positions and the theoretical spectra, provided
the alignment contains at most K modifications. PSA also
outputs the list of modifications necessary to obtain this
result. Moreover, for each modification, PSA outputs its
position (in Daltons) and the corresponding mass difference
(in Daltons as well).
PSA Scoring Function: To compare theoretical and experimental spectra, we need to define the scoring function
used by PSA. The score S resulting from the alignment of
several packets on a subset of possible positions of SSe
will be the sum of each corresponding packet score, minus a
penalty of 10 for each modification. In fact, this modification
penalty, which is slightly higher than the score of a b or a y
ion (8.3 and 8.7 respectively), ensures that if PSA allows a
modification, then at least two more peaks will be aligned.
Otherwise, modifications that only align one more peak may
occur too frequently.
Setting the value of K: As a parameter in our tests, we
chose to use a value of K that was dependent on the size
of the two compared spectra. In fact, the longer a spectrum
is, the more its corresponding peptide could be subject to
modifications. Fig.4(c) shows that 0.15 modifications per
100 Da (i.e., 1 modification per 660 Da) guarantees the best
results.
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4. Localisation of modifications
A first step toward the precise localisation of modifications
is correct peptide identification. However, such a localisation
raises new difficulties since it requires the perfect alignment
of SSt with SSe . While alignment methods work well in
most cases, they may sometimes detect unwanted modifications: this is mainly due to the fact that deciding whether
a peak represents an N-terminal ion or a C-terminal ion
is a difficult problem. In fact, in methods such as SA, a
given peak could be considered N-terminal and C-terminal
at the same time (of course, this may happen in experimental
spectra where peaks are superimposed, but this phenomenon
is not likely to frequently occur). However, allowing modifications during the alignment highly increases this risk
because a modification could cause such a superposition and
falsely increase the score.
In the case of PSA, the same problem can occur with
possible positions: when a group of peaks implies a possible
position p1 , their respective symmetry can create a complementary possible position p2 . The N-terminal peaks from
p1 (resp. p2 ) are considered as C-terminal peaks in p2 (resp.
p1 ).
In order to avoid this problem, we developed a new
method that we called PacketSpectralAlignment with Exclusion List (or PSAwEL), in which we associate their
complementary position inside an exclusion list with each
possible position. Then, when PSAwEL tries to align a packet
on p2 , for example, it checks whether p1 is already aligned.
If this is the case, then the contribution to the score for p2
(referred to as S2 ) will be changed to S2 − max(S1 , S2 ),
where S1 is the contribution of p1 to the score. This implies
that p1 and p2 can both be aligned simultaneously, but in
that case, the score will not be increased.
Adding the exclusion list notion inside PSA changes its
complexity from O(kmp) (where k is the number of modifications, m the number of possible positions in SSe and
p the number of packets in SSt ) to O(kmp2 ), considerably
increasing its execution time. Hence, we cannot use it to
search the entire databank. However, it can be used as a
subroutine, in order to improve the results given by another
method (such as PSA), by rescoring the n best results and
reordering them. More precisely, for each SSe , we keep the
n peptides with the n highest scores, and we apply PSAwEL
only to these peptides.

5. Identification Framework
In Fig.5, we illustrate our overall strategy to reduce
the complexity and increase the performance of peptidespectrum comparison in a complete peptide identification
framework. This framework takes advantage of all the improvements presented in this paper, including the PSAwEL
method, to allow the precise identification of modifications.
Since the mass spectrometer can only evaluate the masses of

peptides within a certain range, we filter the peptides from
the databank by taking only the peptides that match this
range into account (Fig.5 (b)). Experimental spectra (Fig.5
(f)) are filtered (Fig.5 (g)), as explained in Section 3.1. Next,
symmetry is applied on both spectra (Fig.5 (d,h)), as explained in Section 2. Then, for experimental spectra, possible
positions are created and filtered (Fig.5 (i)), as explained in
Section 3.2. These steps are necessary to prepare the data to
be compared using PSA (Fig.5 (k)). Using our PSA method
allows a rapid identification of peptides, even in the presence
of unexpected modifications. We then use PSAwEL only on
the best scores given by PSA (Fig.5 (l)) making it possible
to enhance the order of the results and, more importantly, to
precisely localise the modifications. In this particular case
(enhancing PSA using PSAwEL on a subset of the results),
we chose to keep only the best n = 100 results for each
spectrum.
Starting from a set of experimental spectra and a databank,
once all the steps from this framework have been executed,
we obtain an associated peptide for each spectrum (corresponding to the highest score match), together with a list of
modifications.

Fig. 5: The framework we propose to improve spectra
identification in presence of modifications. Steps with a bold
border are developed in this paper.

6. Results
6.1 PSA versus SA
Modifications: In order to evaluate the behaviour of PSA
and SA in the presence of modifications, we needed to
introduce modifications inside the databank. To do so, we
chose to use PAM matrices [18]. A PAM matrix contains the
probability for each amino acid to mutate into another [18].
By definition, a PAM matrix induces 1 modification per 100
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amino acids, but it is possible to apply it several times to
increase its effect. For example, applying a PAM40 matrix
is the same as applying a PAM1 matrix 40 times, and
thus represents a higher average number of modifications.
Consequently, it is possible to tune the distance we want to
obtain between modified and unmodified sequences, simply
by choosing a specific value x for the PAMx matrix. Table 1
shows the percentage of sequence identity obtained by comparing peptide sequences with their mutated version using
different PAMx matrices, on the 18mix_rice1700 databank.
Table 1: Percentage of sequence identity between unmodified
and modified peptides using different PAMx matrices on the
18mix_rice1700 databank.
Mutations
Identity

N/A

PAM10

PAM20

PAM40

PAM60

PAM80

100%

90.3%

82.3%

68.1%

57.4%

48.8%

We ran both methods, PSA and SA, on our experimental dataset using different PAMx matrices, in order to
artificially mutate the 18mix_rice1700 databank. Even if
SA was primarily designed to detect few post translational
modifications, it is still adapted to detect other types of
modifications in greater quantity. This test allows us to
evaluate the behaviour of PSA as a function of the number
of modifications. PSA and SA are both similarly parameterised, when possible: we search for the same number of
modifications and the same filtering methods are applied to
the databank. Using those parameters and filtering methods,
we ran both PSA and SA on the ISB_dataset and on
the 18mix_rice1700 databank, where both databanks were
modified using different PAM matrices (i.e., PAM0, PAM10,
PAM20, PAM40, PAM60 and PAM80).

ISB results is computed. This distance is computed using the
Needleman-Wunsch global alignment algorithm [19]. If this
distance, which characterises the number of modifications
between the two peptide sequences, is below a given value
D, we consider the peptide from the databank as an expected
result. We defined D using the same rule as for parameter
K: D = ((Mpeptide /0.0015) + 1), i.e., using this value for
D allows an average of one modification per 660 Da (1
modification every 5-6 amino acids). Note that the +1 is due
to the fact that modifications at the beginning of a peptide
are not counted within the K modifications tolerated. That
way, for each comparison, we are able to detect whether the
result is a positive identification.
We then computed each area under the ROC curve (AUC)
using ROCR [15], as explained in Section 2. In Fig.6 (a),
we can see a plot of the different AUC values as a function
of the PAMx matrix applied. We can easily see that PSA
behaves better than SA in all the cases. We can also observe
that difficulties arise in both methods when PAMx matrices
are applied, with x ≥ 40.
Using the AUC values, we can see that, globally, PSA
gives better results than SA, but a direct look at the ROC
curves (Fig.6 (b)) reveals another major difference. In this
figure, we can see that the PSA ROC curve grows faster
than the SA ROC curve, and that PSA gives good results
for small FPR. For example, if we want a maximum FPR
of 1% we obtain a TPR of 47.1% for PSA versus 13.5% for
SA. Fig.6 (b) also shows a big difference in the results for
an FPR of less than 10%.
Table 2: Average execution time of PSA versus SA on the
ISB_dataset on a regular machine (Athlon X2 4800+ with
2GB of RAM).
Method
PSA
SA

(a)

(b)

Fig. 6: (a) AUC values of PSA and SA for the search
of the ISB dataset with different types of modifications
on the databank 18mix_rice1700. (b) ROC curves for
PSA and SA for the search of the ISB_dataset on
the 18mix_rice1700_P AM 10 databank with a logarithmic
scale for the FPR.
In order to evaluate the results provided by SA and PSA,
we defined what we consider to be an expected identification.
In the presence of modifications, the distance separating each
databank peptide from the unmodified peptide found in the
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Avg. time (ISB dataset)

Avg. time (1 spectrum)

16,800 seconds
84,000 seconds

28.5 seconds
142.5 seconds

The benefits of the packet notion from PSA are clearly
visible in the execution time (see Table 2). In fact, the
execution time of PSA is five times faster than the execution
time of SA on the same input data.

6.2 Brachypodium
Experimental tests were undertaken to evaluate the capacity of our new framework to localise unexpected modifications. To do this, we used a set of experimental spectra coming from the analysis of a globulin from the Brachypodium
organism compare to the databank containing the first chromosome of Brachypodium. Table 3 shows the number of
analysed spectra, the number of identified spectra (peptides
from the input protein that have obtained the higher score)
for both PSA and our new framework (the only difference
is that step Fig.5(l) is only applied for the framework case),
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the number of different identified peptides and, finally, the
number of modified spectra detected (expected or not) using
the framework.
Table 3: Number of identified peptides and of localized
modifications on Brachypodium experimental data.
Brachypodium dataset
# Spectra

846

# Id. Peptides (PSA)
# Id. Peptides (Framework)

92
135

# Diff. Id. Pep. (PSA)
# Diff. Id. Pep. (Framework)

10
17

# Localized Modif. (Framework)

32

By comparing the number of identified peptides obtained
by PSA alone and by our framework, we can see the
interest of rescoring using PSAwEL. We can note that a
higher number of different peptides implies a better protein
coverage, and a greater chance to find modifications.

7. Conclusion
In this paper, we proposed a solution to deal with the
peptide identification problem in the case of unsequenced
species.
We first showed how we strongly enhanced PSA, a method
we developed in [1], by selecting the most interesting
alignment positions and by fixing each parameter, such as the
filtering of the peaks or the number of allowed modifications.
All of these improvements were validated in terms of (i)
quality and (ii) speed in comparison to the reference method,
SA, on experimental data [3]. These results confirmed that
PSA behaves better than SA and is therefore a good choice
for our new framework.
We then presented a new method, PSAwEL, that makes it
possible to increase first rank identifications in presence of
modifications.
We have then proposed integrating all of these improvements, together with PSAwEL, within a new peptide identification framework. This new framework was evaluated
using Brachypodium experimental data, showing that it led
to the improvement of the number of first-ranked peptide
identifications.
In the future, we plan to add another step to this framework, in order to be able to automatically interpret the detected modifications. Such an interpretation may be possible
in most cases by using a databank that references all known
modifications.
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Abstract: The manner in which food is prepared plays a
vital role in the desired end product, its quality and
lifetime. Cooked food has a tendency of deteriorating
over a certain period of time; thus leading to problems
associated with food poisoning. For this reason, it is
essential to follow particular preparation methods for
specific food types. The objective of this paper is to group
the measured data points of the electrical properties,
which are resistance and capacitance of cooked potato
wedges, chicken strips, rice and orange juice using fuzzy
C-mean clustering. These data points will be used to
detect and categorize the food materials according to
their diverse behavior and their nature, so as to analyze
their state of being at a particular point in time. This
paper presents the used testing methods, the experimental
equipment, the mathematical formulas and obtained
results using fuzzy c-mean clustering.
Keywords: Food specimen, electrical properties, Fuzzy
C-means Clustering, Resistance, Capacitance.

1

Introduction

By definition, the estimation of the electrical and the
engineering properties of foods are those properties
which are useful in the design as well as the operation of
equipment employed in food unit operations [16].
Resistance, capacitance and permittivity are some of the
electrical properties which play an important role in these
operations. The manner in which food is handled plays a
vital role in food hygiene. Food poisoning is a subject of
wide scope and it is no new disease. It is actually very
predominant throughout the whole world and so far no
country or person is immune to this problem. The focus
of this paper is based on the measured data of resistance
and capacitance of cooked chicken strips, rice, potato
wedges and orange juice at a low radio frequency of 120
Hz, under a room temperature of 26°C. Following the
obtained results, the measured data points of each food
type are presented using Fuzzy C-means clustering. A
class of objects with a continuum of grades of
membership is called a fuzzy set [23]. A set of this kind is
characterized by a membership function which assigns a
grade of membership to each object [23]. On the other
hand, the clustering of numerical data makes up the basic

foundation of many classification and system modelling
algorithms [11]. Its sole purpose is to identify natural
groupings from a large set of data, in order to concisely
represent the behaviour of a system. Clustering can
therefore be defined as the grouping together of similar
data items into clusters. Clusters are used to reflect some
mechanism at work in the domain from which instances
or data points are drawn. This mechanism causes some
instances to posses or bear stronger similarities or a
resemblance to one another that qualify them to belong
together in one class. According to Fung [11] a
mathematical definition of clustering is stated as follows:
m× n

let Χ ∈ R
a set of data items representing a set of m
points xi in Rn. The goal is to partition X into K groups Ck
such every data that belong to the same group are more
‘alike’ than data in different groups. Here, each of the K
group is called a cluster. The result of the algorithm is
actually an injective mapping X a C of data items Xi to
m× n

clusters Ck. From the definition above, Χ ∈ R
represents a set of data items representing a set of m
points xi in Rn, Ck denotes the kth cluster, and K denotes
the total number of clusters.For this paper, the resistivity
and capacitance of selected food such as cooked rice,
chicken strips, potato strips and orange juice were
measured. The proposed measurements were conducted
over the lowest radio frequency of 120 Hz at a
temperature of 26 °C.

2

Method of testing

The method is based on the testing of the mentioned
food types which on the first day were fresh and readily
cooked. However, for the orange juice, an Electrolux
model type ECP955 citrus juicer was used to extract the
juice from two freshly harvested oranges. Also, no other
additives or preservatives were mixed with it. All the
tested specimens were kept separately in sealable
containers. Using the Lacor digital food thermometer,
each specimen’s temperature was constantly monitored.
When the specimens’ temperature dropped to 26°C,
measurements of resistance and capacitance were
performed immediately. The measurements were
performed at this temperature due to the fact that the
cooked specimens have a norm of stabilizing themselves
at this temperature. In case of the temperature fluctuating,
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an aluminum paper was used to wrap the specimen, thus
keeping its temperature constant. Measurements were
replicated on each of the specimen for duration of 5 days
with a 10 minutes interval from one instance to another.
This means after each day’s measurements all the tested
specimen were refrigerated to be warmed (except the
orange juice) to the same temperature on the following
day before measurements were repeated. A total of
twenty measurements of capacitance and resistance were
done per specimen per day.

3

real capacitor is preferred when analysing the specimen
as a dielectric body. This is done so that the parallel
connection of the resistor and capacitor has to be
accepted, and the reciprocal value of impedance can be
expressed as:

1
1
 =
 Z  R + jXc

(2a)

Conjugating equation (2a) above results to the reciprocal
value of the complex impedance to be:

Implementation

The schematic diagram shown below was
constructed on a breadboard [20]. The Hioki Z Hi-Tester
served as a source for the circuit with a supply voltage of
5V. For the normal resistor Rn; a 220 ohm resistor was
used. The three voltages Un; which corresponded to the
normal stable ohmic resistor, Us; which corresponded to
the evaluated specimen and Ut; which corresponded to
the overall voltage of the normal resistor and the tested
specimen, are AC voltages which were measured
continuously. Platinum needle electrodes of length 4cm
with an extremely low resistance which posses the ability
to be inserted in any food type, were used to connect the
specimen to the circuit:

R
Xc
1
−j
 =
R ² + Xc ²
 Z  R ² + Xc ²

(2b)

However, in practical measurements, the value of Xc also
comprises of the capacity of connections and the jumpers
that are used to connect the specimen to the circuitry.
According to Sabotka [20], presuming some additional
capacity parallel to the specimen capacity, is the easiest
way of compensating this influence. This additional
capacity can be rediscovered by measuring the impedance
(Z0) of the equipment at some defined angular frequency
ω0, without any specimen in the circuit. Therefore, the
corresponding imaginary part of the impedance reciprocal
value, can be calculated as follows:

 1 
Xco
Im  = −
Ro ² + Xco ²
 Zo 

(3a)

Thus the corrected value of the imaginary part is obtained
by:

Figure 1: Electric circuit to determine the specimen
impedance
The Z Hi-Tester which measures impedance of the
specimen provides a wide range of test frequencies.
However for this experiment, only a single lower
frequency of 120 Hz was used. Using the Z Hi-Tester
aids in making the measurements much less complicated,
since the resistance as well as the capacitance of the
specimen are directly well displayed. Using the measured
values of resistance and capacitance, the impedance of
the specimen was calculated as:
Z = R + jXc
(1a)
where R is the specimen resistance, Xc is equal to 1/ωC ,
is the specimen capacitance and ω is given by:

ω = 2πf

 1 
 1 
1 ω
Im  = Im  −
Im 
 Z  ωo  Z o 
 Z o  corr

(3b)

where ω is the actual angular frequency. Usually, the
higher frequency measurements are used as a basis for the
corrections. For this experiment the defined angular
frequency used was ωo = 2 π * 100 kHz, Ro was 982 ohm
and Xco was 22.3 pF. It is thus the corrected reciprocal
values of the complex impedance (1/Z)corr of the
specimen that serve as the basis for the calculation of the
complex relative permittivity Ԑr of the specimen in which
the imaginary part is calculated as:

1
 − Xc 
 *A=
∗ A
 Z  corr
 R ² + Xc ² 

ε 'r = 

(4a)

and the real part:
(1b)

where f is the frequency range over which measurements
are made. According to Sobokta [20], the model of the

R


* A
 R ² + Xc ² 

ε ' 'r = 

(4b)
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where

1

A=

l
1
* o (1 − ε i )²
2πfε o S o

(4c)

where l0 is the initial length of the specimen , S0 is the
initial cross section of the specimen. The term in the
brackets corresponds to the rectification of the changes of
the dimensions of the modified specimen; that is the
change of specimen length and cross section, Sabotka
[20]. Since the various food types tested were already
cooked, the specimen's length and cross sectional area did
not vary. Due to this case, this means that the term in
brackets goes close to unity. Having both the values of
the real part and the corrected imaginary part of the
relative permittivity, the equation can be re-written as
follows:

ε * = Re ² + Im ² = (ε ' )² + (ε ' ' )²

(5)


 (q −1)
1


 d ²(X j , C i )

ui j =

(6a)

1

∑

 (q −1)


1

k =1 
 d ²(X j , C k )
K

(iii) Compute new centroids Ci:

∑ (u ) X
=
∑ (u )
M

Ci

∗

q

j =1

ij

M

j =1

j

(6b)

q

ij

And update the memberships, uij to uij ∗ according to step
(ii). (iv) If maxij u ij − u ij ∗ < tol stop, otherwise go to
step (iii).
The two dimensional measured data was then imported to
Matlab, thus using the fuzzy C-means algorithm, the
results shown below were obtained.

With the use of the equations above, the data sets of
resistance and capacitance for the different tested
specimen were compiled using the fcm routine.

5

4

The following figures represent the data of each of
the food specimen as well as the different clusters per
specimen obtained by the fcm routine.

The fuzzy C- means clustering algorithm uses a
parametric approach, that is, it attempts to minimize a
cost function or to measure a degree of optimality which
serves to link a cost to each instance-cluster assignment.
The algorithm’s goal is to solve an optimization problem
to assure the optimality measure imposed by the model,
which often means minimizing the cost function. Like
typical parametric approaches the algorithm (6) aims to
attain a local minimiser instead of a global one [11]. In
this case the cost function, (6), is minimized with respect
to U, a fuzzy K-partition of the data set, and as well as to
C, a set of K prototypes which are the cluster centers:
K

Potato specimen
38
36
34
32
30
28
26
24

q

Jq = (U, C) = ∑∑(uij ) d²(X j , Ci ); K ≤ N
m

40

Capacitance

Implementation using fuzzy cmeans clustering

Results

(6)

j =1 i =1

where q is any real number greater than 1. It is also the
weighting component of uij and it controls the “fuzziness
of the resulting clusters. Xj is the jth n-dimensional
feature vector, Ci is the centroid of the ith cluster and uij
is the degree of membership of Xj in the ith cluster. d²(Xj
,Ci) is any inner product metric, that is the distance
between xj and Ci, M is the number of data points, and K
being the number of clusters. A clear description of how
the Fuzzy C-mean clustering algorithm (6) operates is
elaborated by the following steps:
(i) From the data, choose primary centroids Ci also called
prototypes. (ii) Compute the degree of membership of all
feature vectors in all the clusters:

22
20
300

320

340

360
Resistance

380

400

420

Figure 2: Clustering of the potato data set
Figure 2 above shows just how clustering works, it is the
distributed data of the potato specimen over the five day
period. It is the result of the loaded data set of the potato
specimen.
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Figure 3: Potato specimen cluster centers

Figure 5: Rice specimen cluster centers

Figure 3, displays the three separate clusters as classified
by the fcm routine. The three large characters in bold
indicate the cluster centers of the data set. Looking at
figure 3 above, the grouping of the data is in such a
manner that one is able to tell that there is no overlapping
of data points, this means that the clusters are exclusive,
that is, the respective instances belong to their respective
groups. According to the conducted experimental
measurements in figure 3 above, the first cluster center
indicated by the circle designates the data points
measured between day 2 and day 3, the second or middle
cluster indicated by the cross designates measurements
taken in day 1 and the last cluster indicated by the
asterisk designates measurements taken in day 4 and 5.
By using the c-means clustering method, the results of an
experiment can be associated to the credence of
belonging with each other or to each cluster. This method
allows the one to determine whether or not the potato is
still in good condition and also to determine the duration
(in days) of its freshness with respect to capacitance and
resistance.

Figure 4 is an illustration of how the fcm routine works;
it is the distributed data of the rice specimen over the five
day period. It is the result of the loaded data set of the
rice specimen. Figure 5 above shows that using the fuzzy
C-means clustering method does not provide accuracy
about the freshness of the rice specimen. When compared
to the obtained measurements, the cluster represented by
the asterisk represents measurements done on day 1 and
3, the one on the centre (X) represents day 2 and 4.
Measurements on day 5 can be seen on the cluster
represented by the circle. This can, on one hand mean
that the change between the first four days is so minute
that the fuzzy c-means clustering method is not able to
detect a difference during the first few days. On the other
hand, we are able to determine that the specimen is
‘spoiled’ or not by measuring the credence of belonging
to the cluster on the far left, represented by the circle. The
‘low spoiling’ dielectric behaviour of the rice specimen
makes this method unfeasible to use in order to accurately
deduce the condition of the rice specimen.
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Figure 4: Clustering of the rice specimen data set
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Figure 6: Clustering of the chicken specimen data set
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Figure 7: Chicken specimen cluster centers

Figure 9: Orange juice specimen cluster centers

Due to the rapid change of state of the chicken specimen
(especially resistance which experiences a 20% fissure
from one measurement to the other), and comparing the
experimental measurements to the manner in which fcm
has organized the data, the clustering method does not
accurately reflect the experimental findings. This is due
to the ever changing dielectric properties of the specimen,
the physical as well as the chemical composition of the
specimen within the five day duration. Figure 7
demonstrates this, because the cluster on the far right
designated by the circle includes day 1 and day 5. By
using this method, we are not able to prove the credence
of belonging to any cluster because the state of freshness
and maturity of the specimen already belongs to the same
cluster. Following below, are the figures which represent
the obtained results for the orange juice specimen:

With the orange juice specimen, the fuzzy c-means
clustering method could not be precise. The ‘O’ cluster
represents measurements done on day 5, the ‘X’ cluster

34
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540

560
580
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620

Figure 8: Clustering of the orange juice specimen
data set

640

are measurements on day 1, 2 and 4, it is with the
cluster that measurements done on day 3 can be seen.
Due to the ‘spoiling’ properties of orange juice and the
slit between the measurements, the fuzzy c-means
clustering method can surely provide assurance that the
juice is spoiled, without assuring any freshness. This was
also validated through the acidic taste that the orange
juice possessed on the last day of measurements.

6

Conclusion

The fuzzy C-means clustering method showed us
that we can easily refer experiment results to credence of
belonging, either to a group or to a cluster. Through the
analysis of the measured results in comparison to the
fuzzy c means clustering, we have managed to
demonstrate the complex nature of food materials. The
fcm method may be completely feasible for other
specimen, based on their different physical and chemical
composition as well as their dielectric behaviours.
Basically, the obtained results and interpretation thereof
depend highly on the manner in which the clustering
problem was originally formulated. Furthermore in fuzzy
logic, exact reasoning is viewed as a limiting case of
approximate reasoning and that everything is a matter of
degree [23]. The secret however is that when having a set
of data, have an overview of or about the nature of the
data as well as the nature of the cluster desired. In terms
of resistance and capacitance, this research project has
shown the complex behaviour of food materials. Showing
that what we often expect is not necessarily always true.
It has also proved that the relative dielectric components
are not always constant for a given food material, but that
they can change with frequency, temperature, date of
manufacture or supplier or even direction of propagation.

778

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

7

References
[1] Ahmed, J., Ramaswamy, H. S., Raghavan,
V.G.S., “Dielectric properties of Indian Basmati
rice flour slurry”, Journal of food engineering,
Canada, pp. 1125-1126, Oct 2006.
[2] Anderson, G.P.G, Golden J.P, CAO, L.K,
Wijesuriya, D., Shriver-Lake, L.C. & Ligler,
F.S. Development of an evanescent wave fiber
optic biosensor. IEEE Sensors Journal, 13, pp.
358-363, June/July1994,.
[3] Balasubarmanian, A., Bhuva, B., Mernaugh, R.
& Haselton, F.R. “Si-based sensor for virus
detection”. IEEE Sensors Journal, 5(3), pp. 340,
June.2005,.
[4] Briggs, L. J, “An electrical resistance method for
the rapid determination of the moisture content
of grain”, Bureau of Plant industry circular
no.20, U.S Department of Agriculture, 1908.
[5] Callow, E.H, “The electrical resistance of
muscular tissue and its relation to curing”,
Annual report of food investigations board,
London: HMSO, 1936.
[6] Callow, E.H, “The structure of muscular tissue
and its relation to curing”, Annual report of food
investigations board, London: HMSO, 1939.
[7] Damez. J, Clerjon. S, Abouelkaram. S. &
Lepetit. J, “Beef meat electrical impedence
spectroscopy and anisotropy sensing for noninvasive early assessment of meat ageing”,
Journal of Food Engineering, pp.116-118,
France, Aug 2007.
[8] Davies, A. & Board, R. The microbiology of
meat and poultry. Boundry Row, London:
Blackie Academic & Proffesional. 1998.
[9] Dejmek. P, Miyawaki. O,”Relationship between
the Electrical and Rheological properties of
potatoe tuber tissue after various forms of
processing”, pp.1218-1219, Japan, February
2002.
[10] FoschiniI, G. J. & Gans M. J.”On limits of
wireless communication in a fading environment
when using multiple antennas” Wireless
Personal Communications, 6, pp.311-315, May
1998.
[11] Fung,G. “A Comprehensive view of basic
clustering algorithms”, 22, pp. 3-10,June .

[12] Gulino, A., Bellia, P., Falciglia, F., Musumeci,
F., Pappalardo, A., Scordino, A.).” Role of water
content in dielectric properties and delayed
luminescence of bovine Achilles’ tendon. “Febs
Letters, 579(27), pp.6101–6104, 2005.
[13] Lepetit, J. Sale, P., Favier, R., Dalle, R.
“Electrical impedance and tenderisation in
Bovine meat .Meat Science”, 4, pp.51-62,
France, April 2001.
[14] Machida, K.S., Shigematsu, S., Morimura, H.,
Tanabe, Y., Sato,N., Shimoyama, N., Kumazaki,
T., Kudou, K., Yano,M. & KyuragiH.,”A novel
semiconductor capacitive sensor for a singlechip fingerprint sensor/identifier”. IEEE
Trans.Electron.Devices, 48(10),pp. 2273-2278,
Oct 2001.
[15] Nyfors, E & Vainikainen, P,”Industrial
Microwave sensors”, Norwood: Artech House
1989.
[16] Rao, M.A. & Rizvi, S.S.H.” Engineering
properties of food”. New York: Marcel Dekker,
1986.
[17] Robles Olvera, V., Begot, C., Lebert, I., &
Lebert, A..An original device to measure
bacterial growth on the surface of meat at
relative air humidity close to 100%.Journal of
food Engineering, pp.425-436. September 1998.
[18] Sarbecher,R.I. & Edson, W.A., “Hyper and
Ultra- High Frequency Engineering”. New
York: Wiley and Sons, 1950.
[19] Singh,V.R & Dwivedi S. “Ultrasonic detection
of adulteration in fluid foods”. Instrumentation
and sensors group, pp. 1/73-1/74, New Delhi,
India, February 1995.
[20] Sobotka, J.,Krejci, J., Blahovec, J., “Equipment
for the determination of dielectric properties of
vegetable tissue during its mechanical loading”,
pp.143-148, Prague, 2007.
[21] Sutherland, J.P., Varnam, A.H. & Evans, M., ”A
colour atlas of food quality contro” l,
Netherlands, Wolfe, 1986.
[22] Von Hippel, A. R. “In Dielectric Materials and
Applications”, Mass: Cambridge, 1954a.
[23] Zadeh, L. A., “Fuzzy Sets”, Information and
Control, 8, pp. 338-353, Berkeley, Carlifornia,
1965.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

779

Interval-Censoring in Biomedical and Biopharmaceutical Clinical
Trials
Ding-Geng (Din) Chen1 , Karl E. Peace1 , Lili Yu1 , Y.L.Lio2 , and Yibin Wang3
1 Jiang-Ping Hsu College of Public Health
Georgia Southern University
P.O.Box 8015, Statesboro, GA 30460, USA
2 Department of Mathematical Sciences
University of South Dakota, Vermillion, SD 57069, USA
3 Biometrics and Data Management, Oncology
Novartis Pharmaceuticals Corporation
180 Park Ave, Florham Park, NJ 07932, USA

Abstract— In some biomedical clinical trials, especially
cancer clinical trials, time-to-event data are generated from
cancer scan within a specific interval (such as 1 or more
months) resulting in interval-censored data. The common
practice in analyzing data from this type of trial is to
approximate the interval-censored data using the midpoint
or right endpoint (i.e. the first observed time) of the interval
so that well-known statistical methods developed for rightcensored data may be used for the requisite analyses. This
could introduce bias and lead to erroneous conclusions.
In this paper we conduct a simulation study to investigate
the bias in parameter estimation and inference. Appropriate
statistical models for interval-censored data are proposed
with application to breast cancer clinical trial data.
Keywords: Time-to-event data; Interval-censoring; Bias; Cox
model

1. Introduction
In survival analysis, the most studied data type is rightcensored. However, there are left-censored as well as
interval-censored data. Interval-censored data are in fact
quite common, especially in oncology recurrence studies. In
these studies after undergoing an intervention (e.g. surgery
for solid tumors) that leaves the patient without disease,
patients are followed periodically for disease recurrence.
The patient might be disease free when checked at time
t1 , but have the disease when checked at a later time t2 .
In this situation, the exact time of recurrence of the disease
is unknown. This type of time-to-recurrence data is called
interval-censored data.
Since there are no existing, easy-accessible methods for
this type of data, researchers often use survival data methods
developed for analyzing right/left-censored data, such as the
Cox proportional hazards model, which may lead to bias. In
these applications, analysts usually define the event time to
be the time at which the event was first observed at t2 or

naively utilize the midpoint of the interval and proceed as
though the data are right-censored.
In this paper, through extensive computational simulations
we investigate the bias associated with statistical inference
arising from treating the event as occurring at the midpoint or
endpoint of the observation interval and using common right
censoring methods as opposed to more appropriate methods
for the interval-censored data. The paper is organized in
sections.
In Section 2 we review the well-known Cox proportional
hazards regression to analyze right-censored time-to-event
data and propose more appropriate statistical models to analyze the interval-censored time-to-event data. We then setup
simulation studies in Section 3 to illustrate the bias generated
from direct use of Cox regression and the improvement
from a more appropriate likelihood approach in analyzing
the interval-censored data. We illustrate applications of the
methods in Section 4 using data from a breast cancer clinical
trial and conclude with a discussion in Section 5.

2. Data Structure and Statistical Models
2.1 Data Structure
We start with a description of the data structure. The
notation for interval censored data (t1 , t2 ) can be generalized
to include left-censored, right-censored and observed exact
time as follows:
•
•
•
•

Left-censored: if t1 is a missing value or zero, then t2
is considered as left-censored.
Right-censored: if t2 is a missing value, then t1 is
considered as right-censored.
Complete time: if t1 = t2 and t1 is not missing, then
t1 is the complete time.
Interval-censored: if neither t1 nor t2 is missing and
t1 < t2 , then the time is considered as interval-censored
in interval (t1 , t2 ).
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Therefore for n patients in a biomedical clinical trial,
the observed time-to-event data structure is (ti1 , ti2 ) for
i = 1, · · · , n along with a covariate vector of Xi from each
patient where Xi = (xi1 , · · · , xip ) and one or more of the
x can represent treatment effect in a clinical trial.

covariates X and the vector of regression coefficients β via
a linear predictor combined with the baseline hazard λ0 (t|θ)
with parameter vector θ using the following model structure:

2.2 Cox Proportional Hazards Regression for
Right-Censored Data

where λ0 (t|θ) is commonly referred as the exponential
or Weibull models. Note that when the component of β
that is associated with clinical treatment comparison, the
corresponding column of X would consist of just “0" and
“1".
We are interested in the effect of the covariates on the
survival function

A well-known statistical model in analyzing time-to-event
data is the Cox (1972) (1) proportional hazards regression
(in short, Cox regression) model, which can account for covariate information on patients in addition to their observed
survival times. We are interested in assessing the statistical
significance of the concomitant information as it relates to
the distribution of times-to-event.
The Cox model is specified in terms of the hazard function
instead of the survival function, and assumes that additive
changes in the concomitant variables correspond to multiplicative changes in the hazard function or, equivalently, to
additive changes in the log of the hazard. Mathematically the
hazard function reflecting the proportional hazards model is
defined as:
λ(t|X, β, θ) = λ0 (t|θ) × exp(Xβ)

(2.1)

where X is a vector of concomitant, covariate or regressor
information X = (x1 , x2 , · · · , xp ), β is the column vector of
parameters (β1 , β2 , · · · , βp ) corresponding to X, and λ0 (t|θ)
is the baseline hazard function with parameter vector θ.
Based on this structure in equation (2.1), the hazard ratio
for any two patients with different covariants X1 and X2
exp(X1 β)
1)
is constant over time since λ(t|X
λ(t|X2 ) = exp(X2 β) where λ0 (t)
cancels from numerator and denominator of the ratio, and
therefore the hazard for one subject is proportional to the
hazard of another subject.
From the formulation in equation (2.1), it is noted that the
concomitant information acts in a multiplicative fashion on
the time dependent only hazard function. Further, the term
proportional hazards, also arises by observing that if an xi
is an indicator of treatment group membership (xi = 1 if
treatment group 1; xi = 0 if treatment group 0), then the
ratio of the hazard for treatment group 1 to the hazard of
treatment group 0 is exp(βi ); or the hazard for treatment
group 1 is proportional to the hazard of treatment group 0.
Therefore, exp(Xβ) sometimes is referred to as relative risk.
Parameter estimation and their statistical inference are
based by the partial likelihood approach as presented in
Cox’s paper. This approach has been implemented in commonly used statistical software packages, such as SAS, R
and etc.

2.3 Statistical Models for Interval-Censored
Data
To extend Cox’s idea in Section 2.2, we start with the
proportional hazards assumption to combine the clinical

λ(t|X, β, θ) = λ0 (t|θ) exp{β 0 X}.

(2.2)

S(t|X, β, θ) = 1 − F (t|X, β, θ)

(2.3)

where F is the cumulative distribution function. Since
S(t|X, β, θ)

=
=
=

exp{−Λ(t|X, β, θ)}
 Z t



exp −
λ0 (s|θ) exp β 0 X ds
 Z0 t



exp −
λ0 (s|θ)ds × exp β 0 X

= S0 (t|θ)

0
exp[β 0 X ]

.

(2.4)

where Λ(t|X, β, θ) is the cumulative hazard which is the
integral of the hazard function λ(s|X, β, θ) up to time
t and S0 (t|θ) is the baseline survival function which is
independent of the covariates. Therefore,
[1 − F (t|X, β, θ)]

= S(t|X, β, θ)
0

= S0 (t|θ)exp{β X}
=

exp{β 0 X}

[1 − F0 (t|θ)]

. (2.5)

Thus for n patients with observed interval data of (ti1 , ti2 ),
i = 1, · · · , n, the log-likelihood (LL) function with regression parameter vector β and the parameters θ from the
baseline distribution can be constructed as follows:
n
n
X
exp(β 0 Xi )
LL(F0 , β, θ) =
log [1 − F0 (ti1 |θ)]
i=1
exp(β 0 Xi )

− [1 − F0 (ti2 |θ)]

o

.

(2.6)

In the parametric setting, we have to specify the baseline
distribution function F0 (t|θ). Popular choices are the exponential or Weibull, but many other distributions could be
used. In a semiparametric setting, this F0 is considered to
be piecewise constant which leads to the iterative convex
minorant (ICM) algorithm proposed in Pan (2). The maximum likelihood estimates (MLE) for the parameters can
be carried out by maximizing the log-likelihood function in
(2.6). Generally, there is no closed form for the MLE and
therefore an iterative numerical search procedure is used
to obtain the MLE. All computations are conducted in R
language (R Development Core Team, 2005) (3), which is a
non-commercial, open source software package for statistical
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computing and graphics that was originally developed by
Ihaka and Gentleman (1996)(4).

3. Simulation Studies
3.1 Simulation Setup
We simulate biomedical clinical trials. For each trial, the
simulation is described in following steps:
1) 100 patients were randomly assigned to two treatment
groups: x1 = 1 for new drug treatment and x1 = 0
for placebo with probability of 0.5,
2) For each patient, we collect 3 sources of additional information (i.e. 3 covariates of x2 , x3 and x4 ) following
normal distributions,
3) We assume that the clinical trial is conducted for 12
months and therefore if a patient’s survival time is
greater than 12 months, it is considered as censored,
4) For each patient, the survival times are simulated from
a Weibull distribution with shape parameter α = 1
1/α
with λ =
and scale parameter derived from λ1
exp(β0 +β1 x1 +β2 x2 +β3 x3 +β4 x4 ) where β0 = 0.1
and β = (β1 , β2 , β3 , β4 ) = (0.5, 0.5, 0.5, 0.5). Each
survival time is expanded by 12 (months). Each survival time has probability p of being censored (i.e., the
probability of observing a non-censored observation
is 1-p). Further, an interval was generated where its
left endpoint is 1 month and its right endpoint is the
end of clinical trial at 12-months. If the simulated
survival time > 12, the survival time is right censored (lef t = t1 = 12 and right = t2 = N A).
Otherwise the interval [1,12] is randomly divided into
subintervals in order to determine the corresponding
interval endpoints for the survival times that are not
right censored. Two cases are simulated to illustrate
bias. One is to simulate a more frequent observation
time-interval by month as 1 to 12. Another is by threemonths for less frequent follow-up visits.
5) For the simulated interval-censored data, two datasets
are generated for Cox regression with one to use
the right endpoint (i.e. t2 ) corresponding to the first
observed time and another to use the mid-point. For
these two datasets, we proceed as though the data are
right-censored and use Cox regression described in
Section 2.2 to estimate the regression parameter vector
β = (β1 , β2 , β3 , β4 ). Hereafter we denote the parameter estimates from the first dataset as “Cox.Right" and
the second dataset by “Cox.Mid". At the same time, we
use the semi-parametric method described in Section
2.3 to estimate the regression parameter β which is
denoted by “IntCox".
Steps 1 to 5 are run 1000 times to generate 1000 samples of the parameter vector β. A sampling distribution is
then generated. The mean, bias, standard deviations, mean
squared error (MSE) are calculated for plotting. In addition,
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a 95% sampling confidence interval (CI) is constructed to
see whether it covers zero to be used for significance testing
for that parameter.
To investigate the effect of the probability of censoring
on the parameter estimates, we consider nine values for the
probability of censored observations, p = 0.1, 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8, 0.9. High probability p = 0.9 indicates
that most observations in the simulated dataset are censored,
while low probability p = 0.1 implies that most observations
in the dataset are non-censored points. Note that when p=0.9,
the Cox regression and IntCox algorithm crashed for the case
of less frequent visits of every three months due to higher
proportion of censoring.

3.2 Simulation Results
The bias associated with the comparison of treatment
groups is summarized in Table 1.
Table 1: Bias (%) for Treatment Comparison
p
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Month
1
1
1
1
1
1
1
1
3
3
3
3
3
3
3
3

IntCox
2.17
-0.21
-0.86
2.14
2.00
0.52
0.16
0.40
6.42
0.65
-6.58
-8.41
-11.67
-11.81
-12.96
-10.71

Cox.Right
-2.93
-8.73
-13.14
-13.18
-14.72
-21.67
-15.82
-19.68
-18.48
-26.65
-30.51
-37.36
-39.37
-44.75
-51.84
-39.13

Cox.Mid
0.02
-3.09
-5.78
-3.98
-3.89
-9.39
-2.55
-3.90
-12.21
-16.81
-17.91
-21.33
-23.02
-27.21
-32.73
-18.39

In this table, p denotes the probability of censoring and
“Month" denotes the monthly-interval visit. It can be seen
that the bias is generally lower when the visit frequency is
every month (i.e. Month=1) than the bias with less frequent
visits (i.e. Month=3) which is intuitively true since the
survival time would be closer to the true survival time.
Comparing the “IntCox" with “Cox.Right" and “Cox.Mid",
the “IntCox" always gave the smallest bias with “Cox.Right"
the worst. For the case of the most frequent visit schedule, “IntCox" is biased only a few percentage points and
“Cox.Right" is biased to 10-20%. The midpoint approximation “Cox.Mid" is not bad since the visit interval is small and
the midpoint would be close to the true survival time. But
this conclusion does not hold for the case of less frequent
visits (i.e. Month=3) since the intervals are getting larger and
the midpoint approximation would be further away from the
true survival time. In the case of less frequent visits, the bias
from “Cox.Right" could be 40-50% and “Cox.Mid" could be
20-30%.
Similar conclusions may be made for other parameters.
Figure 1 illustrates the bias as a function of the probability
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of censoring for all four parameters of β1 , β2 , β3 and β4
for the two visit schedules. In this figure, the solid lines
denote “IntCox", the dashed middle lines denote “Cox.Mid"
and the bottom dashed lines with points denote “Cox.Right".
We can see that the “IntCox" is always best among the three
methods and “Cox.Right" is the worst. For the case of more
frequent visits, “IntCox" is almost unbiased, “Cox.Right" is
biased low by about 20% and the “Cox.Mid" is biased low
about 10%. For the case of less frequent visits, “IntCox" can
be biased low about 10% for higher censoring where the
“Cox.Right" could be biased low about 50%. Generally the
bias increases when the probability of censoring increases.

MSE for β1
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This increasing pattern of bias is more distinctive for
variance and MSE. Figure 2 illustrates this conclusion for
mean squared error (MSE) and similar figure can be generated for variance. This figure is generated for the case of
more frequent visits (i.e. Month=1) and MSE for “Month=3"
is even larger. Obviously MSE increases rapidly when the
probability of censoring increases.
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Biases as depicted in Figure 1 can have a fundamental
impact on the statistical significance of the associated parameters. Considering, for example, the treatment coefficient of
β1 from the case of “Month = 3" and p=0.1, the downward

Fig. 3: Histograms for the Estimated Treatment Parameter
β1
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biases from “Cox.Right" and “Cox.Mid" changed the conclusion on treatment effect from significance in “IntCox" to
non-significance in both “Cox.Right" and “Cox.Mid" as seen
in Figure 3. In this figure, three histograms are plotted. The
top reflects “IntCox", the middle reflects “Cox.Right" and
the bottom reflects “Cox.Mid" from the 1000 simulations.
The three solid lines on the histograms are the 2.5%, 50%
and 97.5% quantiles. It can be seen that the 95% CI for “IntCox" is (0.055, 1.036) which corresponds to a statistically
significantly treatment effect since the CI does not cover
zero. However, the 95% CI are (-0.108,0.909) and (-0.033,
0.927) for “Cox.Right" and “Cox.Mid", respectively. Both
cover zero indicating that treatment effect is not statistically
significant.
Table 2 summarizes all combinations for the treatment
effect parameter β1 where the row in bold print corresponds to Figure 3. In this table, “1" denotes statistical
non-significance and “0" for denotes statistical significance.
From this table, it may be seen that there are several
cases where “Cox.Right" and “Cox.Mid" yield statistically
non-significant treatment effects, but statistically significant
treatment effects for “IntCox".
Table 2: Significance for Treatment Effect
p
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Month
1
1
1
1
1
1
1
1
1
3
3
3
3
3
3
3
3

IntCox
1
1
0
0
1
0
1
0
1
0
0
1
1
1
1
1
1

Cox.Right
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Cox.Mid
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

In summary, the common practice of using the midpoint
or the “first observed" approximation for interval censored
time-to-event data yields biased parameter estimates. This
could lead to statistically non-significant treatment effects
(when they are significant) and inflate type-II errors while
lowering the power of statistical tests.

4. Breast Cancer Data Analysis
4.1 The Data
Cosmesis data from a retrospective breast cancer clinical
trial is fully described in Finkelstein (1986) (5). This trial
compared treatment with radiotherapy alone (x = 1) to
treatment with radiotherapy plus adjuvant chemotherapy (x
= 0) on 94 women with early breast cancer in terms of time
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to cosmetic deterioration. Forty-six (46) patients received
radiation only and 48 received radiation plus chemotherapy.
Patients were monitored initially every 4-6 months. The
interval between follow-up visits lengthened as the recovery
of patients progressed. The event of interest was time to
first appearance of moderate or severe breast retraction and
was known to occur only within intervals between visits.
Therefore the data are interval-censored. Among the 94
patients, 56 were interval-censored (cens = 1) with specific
values of t1 and t2 , and 38 were right-censored (cens = 0)
observations for patients had not who had not achieved
moderate or severe breast retraction until the last visit and
t2 = N A.

4.2 Data Analysis
We start the data analysis with the well-known KaplanMeier (1958) (6) nonparametric method for estimating the
survival function for the right-censored data using the
midpoint approximation, and then use Turnbull’s (Turnbull
1974 (7)) estimator for interval-censored data. The estimated
survival function appears in Figure 4. In this figure, the solid
lines reflect the“Radiation Only" treatment, and the dashed
lines reflect the “Radiation+Chemotherapy" treatment. In
addition, the thick lines reflect Turnbull’s estimator and the
thin lines reflect Kaplan-Meier estimator from the midpoint
approximation. From this figure, we note that the estimated
survival (without breast retraction) functions do not differ
noticeably in the early stage, say before 20 months. After 20
months, there is a sharp decline in the curves; particularly for
patients in the “Radiation+Chemotherapy" treatment group.
For example, at time = 44 months, 11.06% of patients
are estimated to be free of breast retraction in the “Radiation+Chhemotherapy" group, as compared to 46.78% of
patients in the “Radiation Only" treatment.
After approximating the interval-censored observations
with the midpoint of the interval in which they occurred, we
note from this figure that although both methods have similar
trends in estimating the survival curve, the midpoint KaplanMeier estimator tends to bias the estimation (upwardly or
downwardly).
Fitting the “IntCox" approach, the estimated treatment
difference is −0.776. Standard errors for this treatment
parameter can be estimated using standard bootstrap methods. We obtain random samples of the observed data with
replacement for 1000 times and fit the “IntCox" for the
resulting bootstrap samples. The bootstrapping distribution
can then be constructed for statistical inference. From the
bootstrap distribution, the 95% confidence interval for treatment effect is (−1.412, −0.237) with estimated regression
parameter β̂ = −0.776, which again confirms the statistical
significance of treatment effect.
The bootstrap distribution, the confidence interval and the
biases are depicted in Figure 5. Overlaying the bootstrap
distribution are the lower (left-most dashed vertical lines)
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Fig. 4: Turnbull’s Nonparametric Estimator Overlaid with
Midpoint Kaplan-Meier Estimator

and upper limits (right-most dashed vertical lines) for the
95% confidence interval. The three vertical lines in the
middle depict the estimated treatment effect from “IntCox",
the mean and the median from the bootstrap samples. Since
they are so close it is difficult to note any difference.

5. Discussions and Conclusions
In this paper, we investigated the bias inherent in the common practice of analyzing interval censored time-to-event
data as though it were right censored. Approximating the
interval-censored data using the interval midpoint or the first
observed and using methodology developed for analyzing
right-censored time-to-event data is biased. Depending on
the probability of censoring, the bias could have a magnitude
of up to 50%. Consequently underlying significant treatment
effects may fail to be detected and the power of the statistical
procedure may be reduced. We propose using the “IntCox"
approach which leads to almost unbiased estimation. We are
investigating and searching for better approach in dealing
with interval-censored time-to-event data.
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A Tool Preference Selection Method for RNA Secondary Structure
Prediction with SVM1
Chiou-Yi Hor2 , Chang-Biau Yang2,3 , Chiou-Ting Tseng2 , and Hung-Hsin Chen2
2 Department of Computer Science and Engineering, National Sun Yat-sen University, Kaohsiung, Taiwan
Abstract— Prediction of RNA secondary structures has
drawn much attention from both biologists and computer
scientists. Many useful tools have been developed for this
purpose, with or without pseudoknots. These tools have
their individual strength and weakness. As a result, we
propose a tool preference selection method which integrates
three prediction tools pknotsRG, RNAstructure and NUPACK
with support vector machines (SVM). Our method starts
with extracting features from the target RNA sequences,
and adopt the information-theoretic feature selection method
for feature ranking. We propose a method to combine
feature selection and classifier fusion, namely incremental
mRMR. The test data set contains 720 RNA sequences,
where 225 pseudoknotted RNA sequences are obtained from
PseudoBase, and 495 nested RNA sequences are obtained
from RNA SSTRAND. Our method serves as a preprocessing
way in analyzing RNA sequences before the RNA secondary
structure prediction tools are employed. Experimental results
show that our method improves not only the classification
accuracy, but also the base-pair accuracies.
Keywords: RNA, SVM, Fusion, Feature Selection, Tool Preference

1. Introduction

machine learning approach. It includes feature extraction,
feature selection and classifier combination methods. The
features are first extracted from the given sequence and then
these features are input into the classifier to determine the
most suitable prediction software. In this paper, the state
of the art feature selection, mRMR [21], is employed to
identify the important features and SVM (support vector
machine) [1], [8] is used as the basis classifier. To further
improve prediction accuracies, we propose a multi-stage
classifier combination method. Instead of selecting features
independently, our classifier combination method takes the
output of classifiers in the previous stages into consideration.
Thus, the method guides the feature selector to choose
features that are most relevant to the target class label while
least dependent on what has been learned by the ensemble.
The experimental results shows that our tool preference
selection method can improve both the classification and
base-pair prediction capability.
The rest of this paper is organized as follows. In Section
2, we will give a more detailed description for the RNA
secondary prediction tools used in our paper. In addition, we
also briefly describe SVM, and some prediction software. We
introduce our feature extraction method in Section 3. Section
4 presents the feature relevance and selection. In Section
5, we focus on how to integrate multiple classifiers. Our
experimental results and conclusions are given in Sections
6 and 7, respectively.

An RNA secondary structure is the fold of the given
sequence. The sequence is folded due to bonds between
non-adjacent nucleotides. These bonded nucleotide pairs
are called base pairs. Three possible combinations of nucleotides may make a base pair: A-U, G-C, and G-U,
where A-U and G-C are called Watson-Crick pairs and GU is called the Wobble pair. The RNA secondary structure
prediction problem is to identify the folding configuration of
a given RNA sequence.
The methods for predicting RNA secondary structure
could be roughly categorized into two types. They are
based on thermodynamics [26], [27], [31], and comparative
approaches [5], [29], respectively. Since these tools resort
to different criteria, each of them has its own metric and
weakness. With their variety, we propose a tool preference
selection method that integrates these software in order to
improve prediction capability. Our method is based on the

Support vector machine (SVM) [6], [30] is a wellestablished technique for data classification. Given a training
set of n-dimensional instances and label pairs (xi , yi ), for
1 ≤ i ≤ N where xi ∈ Rn and y ∈ {−1, +1}, the SVM
solves the following optimization problem:

1 This research work was partially supported by the National Science
Council of Taiwan under contract NSC-98-2221-E-110-062.
3 Corresponding author: cbyang@cse.nsysu.edu.tw.

The function φ maps the training vectors xi into a higher
dimensional space, namely feature space. SVM finds a linear
separating hyperplane with normal vector w and offset b

2. Preliminaries
2.1 Support Vector Machines

min

w,b,ξi

subject to

1 T
2w w

+C

PN

i=1 ξi ,

yi (wT φ(xi ) + b) ≥ 1 − ξi ,
ξi ≥ 0.

(1)
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3.2 The Spaced Bi-gram Factor

that constitutes the maximal margin in the feature space.
The symbols ξi and C represent the slack variable and the
penalty of errors in the optimization problem. To describe
the similarity between vectors in the feature space, the kernel
function is defined. In this paper, we adopt radial basis
function (RBF) as it yields best results.

Unlike the tri-transitional factor, the spaced bi-gram factor
[13] ignores its middle nucleotide type. Therefore, there are
16 possible combinations for the X?Y pattern, where X,
Y ∈ {A, U, G, C}.

2.2 pknotsRG

3.3 The Asymmetry of Direct Complementary
Triplets

Some researchers proposed algorithms for predicting
pseudoknotted structure based on thermodynamics [18],
[31]. Since predicting arbitrary pseudoknotted structures in
thermodynamic way is NP-complete [25], Rivas and Eddy
[27] thus took an alternative approach, which is based on
the dynamic programming algorithm. Their method mainly
focuses on some classes of pseudoknots and the complexity
is of O(n6 ) in time and of O(n4 ) in space for the worst case.
Based on Rivas’s system (pknots) [27], another prediction
software tool, pknotsRG [26], was developed. The idea is
motivated by the fact that H-type pseudoknots are commonly
observed in RNA sequences. Hence, by setting some proper
restrictions, pknotsRG can reduce the required prediction
time to O(n4 ) for predicting pseudoknotted structures.

According to the Watson-Crick model, two strands of
DNA form a double helix which are bonded together
only between specific pairs of nucleotides. These pairs
are A and T as well as G and C. In this sense,
we say they are complementary[14]. The asymmetry of
direct-complementary triplets (ADCT) measures the average
difference numbers between mutually direct complementary triplets, XY Z and X 0 Y 0 Z 0 , in a sequence, where
X, Y, Z, X 0 , Y 0 , Z 0 ∈ {A, U, G, C}. The number of features
for ADCT is 3 .

3.4 The Sequence Moment
For a 2D image I with pixel intensity I(x, y), the image
moment Mij of order (i + j) [12] is defined as

2.3 NUPACK
Dirks and Pierce [10] presented an alternative algorithm
which is based on the partition function. Because the partition function gives information about the melting behavior
for the secondary structure under the given temperature
[19], the base-pairing probabilities thus can be derived
accordingly.

2.4 RNAStructure
RNAStructure was developed by Mathews et al. [17] and
it is also based on the dynamic programming algorithm.
The software incorporates chemical modification constraints
into the dynamic programming algorithm and makes the
algorithm to minimize free energy. Since both chemical
modification constraints and free energy parameters are
considered, the software works reasonably better than those
that adopt only free energy minimization scheme.

3. Features
3.1 The RNA Primary Structure Feature
In this paper, we adopt the RNA primary structure features from our previous studies [7]. The feature groups
are composed of the compositional factor, bi-transitional
factor, distributional factor, tri-transitional factor, potential
base-pairing factor, nucleotide proportional factor, sequence
specific score and segmental factor. The number of features
is 146.

Mij =

XX
x

xi y j I(x, y).

(2)

y

According to the definition, M00 is the mass of the image
and the centroids are y = M01 /M00 and x = M10 /M00 ,
respectively. The central moment, which is translational
invariant, is defined as
µij =

XX
x

(x − x)i (y − y)j I(x, y).

(3)

y

To represent an image that is invariant to both scale and
translation changes, the central moment should be properly
divided by µ00 . Thus, the scale and translation invariant
moment is given as follows:
ηij =

µij
1+ i+j
2

.

(4)

µ00

Since the RNA sequence S is composed of a series of
nucleotides, it can be regarded as an 1D image, that is
I(k, 1). In order to represent the distribution of different
kinds of nucleotides, the scale and translation invariant
moments are calculated. An RNA sequence is first converted
into the IX (k, 1) format (binary bit string), where X ∈
{A, U, G, C}. The element IX (k, 1) is equal to 1 if S(k) is
X. Otherwise, IX (k, 1) is equal to 0. After this conversion,
the scale and translation invariant moment of order i for a
specific nucleotide X is given as follows:
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ηi (X) =

µi (X)
1+ 2i

µ0

.

(5)

(X)

The above moment of order 1 denotes the centroid and it
is always equal to zero due to centralization. In this paper,
we calculate the moment up to order 4 for each kind of
nucleotide and thus there are total 12 moments for each
sequence.

3.5 The Spectral Properties
Fourier transform (FT) [22] is commonly used to explore
the pattern in the frequency domain. The converted series,
which contains only 0 and 1 levels, can be considered as a
signal and thus also applicable to FT scenario. Let’s assume
IX (k, 1) is decomposed into several sinusoidal signals with
FX (f ) as their coefficients according to

FX (f ) =

|S|
X

IX (k, 1)exp(−

k=1

2πkf i
),
|S|

(6)

(7)

The spectral entropy for a given nucleotide is:
|S|
X
|FX (f )|
|FX (f )|
log
.
EX (S)
EX (S)

(8)

f =1

The spectral inertia for a given nucleotide is:

JX (S) =

|S|
X

f2

f =1

|FX (f )|
.
EX (S)

(9)

The position at which the maximal spectral energy for
a given nucleotide occurs and its corresponding energy
percentage is:
|S|

PX (S) = arg max |FX (f )|/|S|.
f =1

|S|

MX (S) = max |FX (f )|/EX (S).
f =1

3.6 The Wavelet Features
Wavelet transform [11], [22] is a technique that decomposes a signal into several components. It is believed that
the wavelet analysis provides the information that might be
obscured by Fourier analysis. In this paper, the maximal
overlap DWT (MODWT) is adopted and let the maximal
scale level be J. Since the MODWT is an energy-preserving
transform, the energy is unchanged after transformation.
J

1 X
1
|p|2 =
|qj |2 + |rJ+1 |2 ,
N
N

(12)

where p represents the original signal and each |qj |2 /N
represents the decomposed variance at scale of j. To
obtain useful information for classification, we first convert the sequence into a signal IX (k, 1), where X ∈
{A, U, G, C, ACGU }. Then we decompose the variance of
the original signal with different wavelet scales. Because
all of the sequences have length greater than 16, we select
maximal J = 4. Consequently, it totally yields 20 features.

3.7 The 2D-dynamic representation

f =1

HX (S) =

0001, 0010, 0100, 1000 respectively. Thus, the above calculation can be applicable, but the length of the binary
bit string becomes 4|S| . The spectral entropy, inertia,
maximal position and maximal energy percentage features
are calculated for A, G, C, U and ACGU encodings. Hence,
there are 20 spectral features.

j=1

where 1 ≤ f ≤ |S|. The |FX (f )| represents the magnitude
of a frequency f and thus it represents the intensity for a
specific spectral. The total energy EX is defined as
v
u |S|
uX
||FX (f )||2 .
EX (S) = t
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(10)

(11)

In addition to separate encoding of A, G, C, U nucleotides, the spectral properties can also be considered simultaneously. That is, A, G, C, U are encoded into

The 2D graphical representation [2], [3] was proposed by
Bielinska-Waz et al., which adopts 2D graphical methods to
characterize nucleotide sequences. In their study, they used
nucleotides to generate a walk on the 2D graph. The walks
are made as follows: A=(-1,0), G=(1,0), C=(0,1) and T =(0,1). For RNA sequences, nucleotide T is replaced by U . After
finishing the walk, a 2D-dynamic graph is generated, which
can be regarded as an image. The mass of point (x,y) is
determined by how many times the walk stops there. In
this paper, the two principal moments of inertia, orientation,
eccentricity, x and y centroids, µ02 , µ03 , µ11 , µ12 , µ13 , µ20 ,
µ21 , µ22 , µ23 , µ30 , µ31 , µ32 and µ33 of the 2D-dynamic
graph descriptors are used. The number of features is 19.

3.8 The Protein Features
The genetic code [20] is the set of rules by which
nucleotides is translated into proteins. These codes define
mappings between tri-nucleotide sequences, called codons,
and amino acids. Since three nucleotides are involved for
translation, this constitutes a 43 -versus-20 mapping to common amino acids. The first codon is defined by the initial
nucleotide from which the translation process starts. There
are three possible positions to start translation, each of which
yields a different protein sequence. As a result, we usually
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say that every nucleotide sequence can be read in three
reading frames.
Once a nucleotide sequence is converted into a protein
sequence, its 125 PSI (protein sequence information) features [9] can be extracted accordingly. Since there are three
possible ways for conversion, it yields 375 PSI features.

Table 1: Summary of feature sets.
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

3.9 The Co-occurrence Factor
The co-occurrence factor [16] represents the distribution
that two nucleotides occur simultaneously at a given offset
within an given range in a sequence S. Let the central
nucleotide at position k be X and half window size be h.
The co-occurrence factor counts the occurrence of (X, Y )
by:

CXY (S) =

k+h
X
i=k−h,i6=k

½

1
0

S(i)=Y
Otherwise

3.10 The 2D graphical representation
The 2D graphical representation [23], [24] was proposed
by Randic et al., which also adopts 2D graphical methods
to characterize nucleotide sequences. Two kinds of matrices
are used to characterize the 2D graph quantitatively. They
are M/M and L/L matrices. In Randic’s search, they use the
leading eigenvalues of M/M and L/L matrices to characterize
nucleotide sequences. Although there are 4 × 3 × 2 × 1
possibilities, we only consider 12 cases. This is because the
curve generated by an order is just a vertical flip of the other
one that is generated by a reverse order. Consequently, there
are 24 features for the 2D graphical representation.
The total number of features is 642, which are summarized
in Table 1.

4. Feature Relevance and Selection

features and class label, mutual information can be regarded
as the relevance measure between these two items.

4.2 Feature Selection
The feature relevance constitutes the basic idea for feature
ranking and selection. We adopt mRMR (minimal redundancy and maximal relevance) feature selection method.
Most feature selection methods select top-ranking features
based on F-score or mutual information without considering
relationships among features. mRMR [21] manages to accommodate both feature relevance with respect to class label
and dependency among features. The strategy combines both
the maximal relevance and the minimal redundancy criterion.
In order to take the above two criteria into consideration and
to avoid an exhaustive search, mRMR adopts an incremental
search approach. That is, the rth selected feature should
satisfies

Xr



1
= {max I(Xj , Y ) −
r
r−1

X

I(Xj , Xi ) |

Xi ⊂Xr−1

Xj ⊂ X − Xr−1 }.

(15)

5. Classifier Combination
5.1 Majority Vote

4.1 Feature Relevance
In information theory, entropy is a measurement of the
uncertainty that is associated with a random variable [4].
Mutual information I(X, Y ) quantifies the dependence between the joint distribution of X and Y , and it is defined
as
= H(X) + H(Y ) − H(X, Y ),

Dimension
4
16
20
64
16
3
3
12
3
1
20
12
20
20
19
375
10
24
642

(13)

Since the minimal length is 21 among all sequences,
we set h to 10. To count for longer sequences, the cooccurrence is calculated with a sliding window scheme.
There are 10 distinct co-occurrence patterns to count, which
are AA, AC, AG, AU, CC, CG, CU, GG, GU, U U . This is
because the pattern XY and Y X are regarded as symmetric
and thus only one is considered. Consequently, 10 features
are obtained.

I(X, Y )

Feature
The Compositional Factor
The Bi-transitional Factor
The Distributional Factor
The Tri-transitional Factor
The Spaced Bi-gram Factor
The Potential Base-pairing Factor
The Asymmetry of Direct-Complementary Triplets
The Nucleotide Proportional Factor
The Potential Single-stranded Factor
The Sequence Specific Score
The Segmental Factor
The Sequence Moment
The Spectral Properties
The Wavelet Features
The 2D-dynamic representation
The Protein Features
The Co-occurrence Factor
The 2D graphical representation
Total

(14)

where H(·) denotes the entropy and H(X, Y ) is the joint
entropy of X and Y . If we associate X and Y with the

The majority vote (MAJ) [28], [15] assigns an unknown
input x to the most representative class among classifiers’
outputs. Given each classifier’s output as an m-dimensional
binary vector (di,1 , di,2 , . . . , di,m ) ∈ {0, 1}m , 1 ≤ i ≤ L,
where di,j = 1 if x is labelled as class j by the classifier
i, otherwise di,j = 0. The majority vote picks up class c
among L classifiers if
c = arg max

1≤j≤m

L
X
i=1

di,j .

(16)
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The disadvantage of the original majority vote cannot
handle conflicts from classifiers of even number. In this
paper, we take the idea of weighted majority vote, that is,
if classifiers’ predictions are not equally accurate, then we
assign the more competent classifiers more power in making
the final decision. We use the true positive classification
rates as voting weights. This is because the original weighted
majority vote, whose voting weights lie nonlinearly within
± log(0.99/0.01) × constant = ±4.6 × constant, our
modified majority vote shrinks the voting weights linearly
between 0 and 1. This would avoid the situation that the
system is dominated by one single classifier.

5.2 Incremental Feature Selection
In this paper, we try to combine classifier outputs so
that the classification accuracy can be improved. We adopt
mRMR feature selection method to select features incrementally and use these features to build classifiers. Because our
primary goal is to build an ensemble of high classification
rate, we believe that the feature selection procedures after
the first stage should take the classifier preference from
the previous stages into consideration. Our strategy is to
let the outputs of previous classifiers serve as preselected
features so that the subsequently selected features will be as
much relevant to the target label as possible while as least
dependent on these outputs as possible.
For mRMR feature selection after the first stage, the
feature rankings are calculated as follows:
Procedure Incremental mRMR feature selection.
Input: X: all available feature set, where |X| = n.
Xs : selected feature subset.
Lc : outputs of the built classifiers.
m: the number of features to select.
Output: Selected features, a subset of X − Xs .
Step 1: Convert the outputs of the built classifiers into
numeric variables Xc . Let the number of built
classifiers be c.
Step 2: Perform mRMR feature rankings with the following
formula:
Xr

=

{max[I(Xj , Y ) −
r

1
r−1+k∗c

X

I(Xj , Xi )]|

Xi ⊂{Xr−1 ∪Xc }

Xj ⊂ {X − Xr−1 − Xs }}

(17)

where k is a weighted factor to denote how much
the information of the built classifiers should be
taken into consideration.
Step 3: Output Xm ={X1 , X2 , . . . , Xm }.

6. Experimental results
6.1 Data sets
The experimental data sets are obtained from PseudoBase
and RNA SSTRAND websites. We retrieve all PseudoBase
and RNA SSTRAND tRNA sequences and their secondary
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Table 2: Number of sequences in each tool preference class.
rn
212

nu
149

pk
359

Total
720

structure information. The original numbers are 705 and
300, respectively. The sequences are then fed into pknotsRG, RNAstructure and NUPACK for secondary structure
prediction. To determine which software is the most suitable
for a given sequence, we adopt the base-pair accuracy for
evaluation.
Given a sequence S = a1 a2 . . . aN , suppose the real
partner of a nucleic base ai is aj , where j 6= i, 1 ≤ i ≤ N
and 0 ≤ j ≤ N . If ai is unpaired, j = 0. Otherwise,
1 ≤ j ≤ N . Let the predicted partner of ai be ak . The
predicted base-pair accuracy for a single sequence is:

Accuracy

=

100% ×

N ½
1 X 1,
N i=1 0,

j=k
(18)
Otherwise

For each sequence, we calculate the base-pair accuracy
given by the three software and assign a class label, which
corresponds to the preferred software, to the sequence. The
labels are nu, pk and rn, which associate with NUPACK,
pknotsRG and RNAstructure, respectively. Since our goal
is to apply the machine learning approach to identifying
the most prominent software for prediction, we remove
the sequence that any two softwares have identical highest
accuracies in order to avoid ambiguity. Hence, the final
numbers are 495 for RNA SSTRAND tRNA and 225 for
PseudoBase database. The number of numbers in each tool
preference classes given in Table 2.

6.2 Feature selection
Before applying mRMR processes, each feature variable
is discretized into three states at the positions µ ± σ, where
µ is the mean value and σ is the standard deviation. The
discretized values takes -1 if it is less than µ − σ, 1 if
larger than µ + σ, and 0 if otherwise. We used the LeaveOne-Out (LOO) cross-validation method for testing. By
default, mRMR selects 50 most prominent features. Hence,
at each stage, we obtain 50 features to train classifiers.
We combine the classifiers incrementally. The methods for
classifier combination is the modified weighted majority vote
(WMAJ). In order to compare the difference between feature
selection with and without considering classifier outputs in
previous stages, we perform both experiments. The weighted
factor for the modified mRMR is set to 1.
In Table 3, the experiments combine mRMR feature
selection methods and WMAJ classifier fusion methods. Two
feature selection configurations are compared, which are
feature selection with and without considering outputs from
the previous stages. For the former one, the selected features
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Table 3: Classification Accuracies of Various Fusion Configurations.
a.
b.

mRMR
imRMR

WMAJ
1
1+2
68.3 68.8(+0.5)
68.3 69.3(+1.0)

1+2+3
68.2(-0.6)
69.6(+0.3)

1+2+3+4
67.8(-0.4)
70.2(+0.6)

imRMR: Incremental mRMR.

Table 4: The classification and base-pair prediction accuracies of various configurations.
Configuration

Features#

mRMR
50
imRMR+WMAJ
50 × 4
All
642
imRMR: Incremental mRMR.

Classification
accuracy %
68.3
70.2
66.3

Base-pair
accuracy %
72.9(+4.1)
73.0(+4.2)
72.2(+3.4)

are first used to train classifiers. Then, the data are predicted
by the classifiers to produce output classes. These outputs
are served as artificial features for the subsequent stages.
Consequently, the following feature selection procedure will
encourage unselected features, which are most relevant while
least dependent on the classifier outputs. Thus, the original
mRMR are modified to learn incrementally. For feature
selection without considering outputs from the previous
stages, once features are selected, we just exclude them
and perform the original mRMR procedure in the next
stage. It is observed that if feature selection procedures
takes the classifier preference from the previous stages into
consideration, the classification rates keep elevated. This
may be due to the additional discriminant information is
involved.
Table 4 shows the classification, base-pair prediction accuracies and numbers of selected features under different
configurations. The figures behind the base-pair accuracy
is the percentage above the baseline accuracy, which is
achieved by the the most prominent software pknotsRG. It is
shown that applying all features for prediction tool selection
can achieve 72.2% base-pair accuracy, which is higher than
the baseline accuracy. If the feature selection tool, mRMR, is
adopted, the accuracies can be improved. Furthermore, once
the feature selection tools are combined with their tailored
fusion methods, the results are improved again. The best
base-pair accuracy achieved is 73.0%.

7. Conclusions
In this paper, we propose a tool preference selection
method, which can be used for the RNA secondary structure
prediction. Our method is based on the machine learning approach. That is, the preferred tool can be determined by more
than one classifier. The tool selection starts by extracting features from the RNA sequences. Then, the features are input
into the classifier or ensemble to find out the most suitable

tool for prediction. We adopt mRMR feature selection tools
so as to identify the most discriminant features. Although
these tools are proved to be powerful, it still requires users
to specify the number of features to be picked up. Hence,
we adopt the default settings and devise data fusion methods
tailored to the feature selection. The classifiers are thus
trained with selected features incrementally. The number of
combinations is determined implicitly by the fusion methods,
which could be the diversity of classifiers’ outputs or crossvalidation accuracies. The experiments reveal that our tool
selection method for the RNA secondary structure prediction
works reasonably well, especially combined with the up-todate feature selection method and their ’custom-built’ fusion
strategies. The best achieved base-pair accuracy is 73.0%,
which is significantly higher than those of any previous
prediction software.
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Abstract— In this work, we explore the problem of classifying microscopy image sets. We propose a framework
for the classification of these images with the help of a
biological expert. As the amount of data that must be
manually classified plays a critical role, we present a new
prototype based active learning strategy to select images to
be labeled by a biological expert. This strategy is first based
on representativeness and later on the uncertainty of the
classifier. We demonstrate how this scheme is able to classify
cell assay images from the Broad Bioimage Benchmark
Collection with very few examples.

the stability of the classifier and makes it computationally
feasible and robust even for large datasets.
We will outline the cell image processing framework
in Section 2 and present the active learning method in
Section 3. We will present results on the Broad Bioimage
Benchmark Collection [1] in Section 4 before giving conclusions in Section 5.

Keywords: Cell Assay Images, High-Throughput Screening, Ac-

In this section we introduce the cell assay image processing framework to explore and classify cell assay images. The
basic steps of the cell assay image classification procedure
are shown in Figure 1. The pictures are acquired from an
image repository, their position on the plate is encoded in
the file name. It is possible for the biological expert to
define regions of interest on the plate(s). It is also possible to
provide further information for the classification algorithm in
form of control regions, where the biological expert knows
that a desired reaction happened on specific wells.
After image acquisition, each image is segmented to
identify each single cell within an image. We work out
the details of the segmentation process in Section 2.1. For
each cell, numerical features vectors are computed (see
Section 2.2). As we can see from these processing steps, the
number of objects may become very large; as we segment
thousands of images into small subimages (approximately
200 small cell images per original image), we could reach an
order of millions of individual cell region images. Our goal
is to classify the original images by classifying all individual
cell objects within.
At the beginning, we do not have any labeled instances,
but we can make use of a biological expert who is able to
provide a class label for each cell image that is shown to
him. The problem is to classify the whole dataset with as
few labeling steps as possible. When we want to classify
the whole image, We have a certain degree of freedom
considering the misclassification as the image is classified
by a majority decision over the small cell images. If a clear
majority decision can be made, the image is not considered
further. Borderline cases with close to equal distributions of
classes can be sorted into a special container to be assessed
manually by the biological expert.

tive Learning

1. Introduction
One method to obtain observations about how a biological
entity reacts when it is exposed to a chemical compound is
to screen an array of cells with a camera. This process is
called High-Content-Screening and allows to collect a large
amount of experimental data. Especially the development
of new screening devices - with specialized robots creating
the cell assay and automatically taking measurements and
pictures - makes it possible to obtain hundreds of thousands
of cell images in only a few days. In this work, we focus
on classifying this large unlabeled dataset with the help of a
biological expert who is able to provide us with class labels
for few, selected examples.
As we are dealing with a large amount of unlabeled data,
the biological expert should label only a small subset to train
the classifier. Choosing randomly drawn examples from the
dataset helps to improve the classification accuracy but needs
a large number of iterations to converge. Instead of picking
redundant examples, it would be better to pick those that can
“help” to train the classifier. This is why we try to apply the
concept of active learning to this task, where our learning
algorithm has control over which parts of the input domain
it receives information about from the user. This concept is
very similar to the human form of learning, whereby problem
domains are examined in an active manner.
We present a fast version of a prototype based active
classification approach that takes into account the density
of the feature space and the uncertainty of the classifier.The
use of a nearest prototype based classification enhances

2. Cell Assay Image Processing Framework
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Fig. 1: Overview of the cell assay image classification procedure.

2.1 Segmentation
To identify interesting substructures in an image, it must
be segmented in order to calculate the features for each cell
individually. The appearance of different cell types can vary
dramatically. Therefore, different methods for segmentation
have to be applied according to the different cell types.
However, the individual cells in one image tend to look
similar.
There are several segmentation modules available that
can be used according to the demands of the cell assay.
Thresholding methods can be used to separate the foreground
of an image from the background. All pixel values with a
gray value bigger than the threshold value t are regarded
as foreground whereas all pixel values with a gray value
less than or equal to t are set as background. Instead of
setting the threshold value manually, it can be obtained with
adaptive methods like Otsu thresholding [2]. There is also a
segmentation module that uses fuzzy clustering to segment
the image. The different cluster regions in an image are
shown to the biological expert and can then be manually
labeled as foreground or background. Another approach
detects a cell nucleus in an image based on a trained neural
network. The three preceding methods can also be used to
obtain seed regions to perform a region growing in a similar
manner to the approach described in [3].

2.2 Feature Extraction
After the image has been segmented, we can calculate
the features on each small subimage of a cell individually.
The feature extraction module calculates features of a cell
image based on the histogram (first order statistics) or
based on the texture (second order statistics). There are
also modules for the calculation of Zernike moments [4]
and a line feature module that samples points in an image
along a vector. The histogram features comprise the mean,
variance, skewness, kurtosis, and entropy of the histogram.
The 14 texture features from Haralick [5] represent statistics
of the cooccurrence matrix of the gray level image. Four
cooccurrence matrices from horizontal, vertical, diagonal,
and antidiagonal direction are averaged to achieve rotation

invariance. These features provide information about the
smoothness, contrast or randomness of the image - or more
general statistics about the relative positions of the gray
levels within the image.

3. Active Classification
The numerical data describing each cell image constitutes
our set X of n feature vectors {x1 , x2 , . . . , xn } lying in
<d . The training set consists of a large set of unlabeled
examples U ⊆ X (all the images produced automatically
and transformed to numerical feature vectors) and a set of
labeled examples L, which contains m examples from X
and their corresponding labels from a set of possible class
labels Y :
{(x1 , y1 ), (x2 , y2 ), . . . , (xm , ym )} ⊂ X × Y (the expertlabeled image feature vectors).
In many classification tasks it is common that a large
pool of unlabeled examples U is available whereas the cost
of generating a label for an example is high. The concept
of active learning [6] tackles this problem by enabling a
learner to pose specific queries, chosen from an unlabeled
dataset. In this setting, we assume that we have access to a
noiseless oracle that is able to predict the class label of a
sample (in our case the biological expert). We can describe
an active learner by its underlying classifier and a query
function. The classifier f is trained on L and sometimes also
on U . The query function q makes a decision based on the
current model f which examples from U should be chosen
for labeling. In pool-based active learning, a new classifier
f 0 is generated after a fixed number of queries.
Many active learning strategies for different kinds of
algorithms exist. A very popular method widely used in
image retrieval [7] [8] [9] and especially in the drug
discovery process [10] is Active Learning with Support
Vector Machines (SVM). The expensive learning process for
the SVM is reduced by querying examples closest to the
decision hyperplane in the kernel induced space. Popular
representatives of this approach are the works of [11], [12]
and [13].
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Most current active learning algorithms suffer from the
condition that they assume that an initial classifier has been
built with a small training set of randomly chosen examples.
Based on this asssumption, further examples are chosen
without taking into account the distribution of the underlying
data. Our approach differs from the others in the way that
we try to learn a stable classification model from the very
first example without random initialization. The focus of the
selection strategy at the beginning is on exploring the dataset
with representative examples.

3.1 Exploration
Assuming that we do not have any labeled examples
|L| = 0 at the beginning, we need to pick examples to
label based on the unlabeled samples from U . From the
exploration point of view we want to explore unknown
regions and find possible classes in a dataset. One criterion
for data selection is the representativeness of a data point.
Rare or borderline cases that do not occur very often are not
interesting for a classification1 .
Instead of using a clustering algorithm to choose examples, we propose a new technique that runs in O(n).
The key idea is to compute a density approximation over
the voronoi regions that are induced by the current set of
prototypes. In each iteration, we compute the number of
data points that each prototype attracts as a density estimate.
Then we select a random prototype from this subset. This
significantly speeds up the selection process and allows to
choose representative examples.

3.2 Exploitation
The idea of exploitation in a classification task is to
take into account information of the current classifier model
in order to find new objects that help to enhance the
classification.
We compute the entropy over the histogram of the class
probabilities c(y1 , . . . , ym ) for each example:
H(c(y1 ), ..., c(ym )) = −

m
X

c(yj ) log2 (c(yj ))

(1)

j=1

Intuitively, a very sharply peaked distribution has a very
low entropy, whereas a distribution that is spread out over
many bins has a very high entropy. Therefore, we take the
entropy as an uncertainty measurement, inversely related to
the voting confidence of the nearest neighbor classifier.

3.3 Combination
We start by randomly picking a prototype, obtain its label
and make a preliminary classification. Then we continue
with prototypes that are chosen with the Exploration Strategy. After a few steps, we can switch over to the Exploitation
1 In

the application one could show those examples as potentially interesting outliers to the user but for the construction of a global model they
do not carry much information.

strategy. It turns out that switching strategies can usually
be done after 10-20 iterations, when a stable classification
model has been build. Otherwise, one can use an error
estimate and compute the change in each iteration. If the first
strategy does not show improvement after a certain number
of iterations, one can switch to the next strategy. The full
algorithm is given in Algorithm 1.
Algorithm 1 Active Learning
Require: Number of iterations n, Swich iteration s
1: TrainSet={}
2: while CurIter ≤ n do
3:
if CurIter = 1 then
4:
CurSet = Sample first example randomly.
5:
end if
6:
if CurIter < s then
7:
CurSet = Sample from Voronoi regions (see 3.1).
8:
else
9:
CurSet = Sample based on classifier uncertainty
(see 3.2).
10:
end if
11:
Obtain the labels for CurSet .
12:
TrainSet = TrainSet ∩ CurSet .
13:
Train KNN with TrainSet.
14: end while

4. Results
Each experiment has been been repeated 30 times. In
each iteration, we split up the dataset randomly and use
40% for training and 60% for testing. All training instances
are first assumed to be unlabeled. A batch of examples
is selected in each iteration (plotted on the x-axis) and
the mean classification error (given the ground truth in
the testing data) is plotted on the y-axis. We compare our
Active Learning strategy against random sampling. We have
chosen two datasets from the Broad Bioimage Benchmark
Collection [1] from the domain of Cytoplasm Nucleus
Translocation (CNT): SBS Bioimage CNT (see Figure 2(a))
and SBS Vitra CNT (see Figure 2(b)). For the Bioimage
dataset, we used the positive and negative controls only in
order to ensure unique and two different classes. For the
Vitra dataset, we used column 1 for the positive examples
and column 12 for the negative examples. Both datasets have
been segmented to detect the cell nucleus and the cytoplasm.
We have used the histogram features of the cytoplasm area
for classification.
We can see that the performance of the active learning
algorithm outperforms random sampling.

5. Conclusions
In this article we have addressed the problem of classifying a large unlabeled cell assay image dataset with the help
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(a) SBS Bioimage CNT

(b) SBS Vitra CNT
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Fig. 2

of a human expert in as few labeling steps as possible. The
classification is based on a prototype based active learning
scheme in which a new, labeled prototype is added in each
learning iteration to enhance the classification of the dataset.
Based on this growing pool of labeled prototypes, class
probabilities are calculated for all data points in order to
calculate estimates for their classification uncertainty. The
classification accuracy and stability of this algorithm proved
to be better than random sampling. On two real-world
benchmark datasets we demonstrated the stable performance
of our algorithm.
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Abstract
We proposed an approach that combined standard
1D motif detection method with structural alphabets to
discover locally conserved protein motifs. We created
SA-Motifbase, a structural motif database, to provide
the structural information locally conserved in the
protein hierarchy maintained in SCOP that may
characterize the functional domains in each
classification
group.
Instead
of
applying
computationally intensive 3D structure alignment tools,
we combined structural alphabets and sequence motif
finding tools to identify from the SCOP database 1D
structural motifs. These 1D structural motifs were used
to characterize protein groups at different levels, e.g.
families, super families and folds, as group features.
Each motif is described by a regular expression of
structural alphabet associated with an E-value
indicative of its significance. Besides, a position weight
matrix is also provided to show the alphabet letter
preference in each position within the motif. Users of
SA-Motifbase can also view the 3D structures of the
motifs, their alphabet letter occurrence distributions,
and their location distributions in proteins. SAMotifbase
is
freely
available
at
http://bioinfo.cis.nctu.edu.tw/samotifbase/.
Keyword: structural alphabets, structural motifs,
structure hierarchy

1. Introduction
Based on the evolutionary relationships and the
principles governing the 3D structures, a protein
structure hierarchy was thus constructed mainly by
visual inspection with the assistance of various
automatic tools to compare protein structures [1]. A
significant progress of SCOP has been made on
redefinition of domain boundaries, rearrangements of
hierarchy, and integration with other protein databases
[2]. As the rapid growth of protein structural
information, biologists require accurate classification
to understand and rationalize the variety in proteins [3].
To ensure the classification can be more easily
constructed and better comprehensible, it is desired we

provide only essential characteristic structural
descriptions of protein functional parts. With such a
classification, we can assign a novel protein to known
categories, and thus predict its structures and functions.
The task of extracting characteristic structural features
for classification is difficult, and becomes more
challenging for small proteins, where the characteristic
statistics are marginal owing to short protein chains, or
for proteins that only share low sequence similarity.
It has been reported that in functionally related
protein families, there usually exist conserved local
structural characteristics, e.g. the binding sites for
metal-binding proteins [4], structural motifs in protein
loops [5], etc. Given that the conservation in local
active sites are likely to reflect similar biological
functions, 3D patterns of local active sites can be used
to predict the functions of previously unknown
proteins [6]. These conserved structural features
themselves represent significant motifs, which can be
identified and described in various ways. Unlike
previous works on protein local structures, e.g.
MegaMotifBase [7], which deals with structural motifs
using both amino acid sequence conservation and the
preservation of 3D structural features, we first
converted protein 3D structures into 1D structural
alphabet letters, and then identified conserved local
features as 1D structural alphabet sequence motifs.
There are several advantages of 1D structural alphabet
over the conventional 3D co-ordinates. First, 1D
representation of protein structures is more efficient in
comparison and more economical in storage. Second,
many commonly used 1D sequence tools can be
directly applied to protein structure and sequence
analysis. Third, 1D-based approaches can serve as preprocessors to filter out irrelevant proteins prior to the
application of more computationally intensive 3D
structure analysis tools.
In this paper, we proposed a combinatorial
approach to structural motif discovery, and introduced
SA-Motifbase, a database of structural alphabet motifs
in SCOP. In its current version, SA-Motifbase has
housed the significant motifs within each fold, super
family and family in SCOP, which can be easily
accessed through a friendly user-interface. The
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development pipeline of SA-Motifbase follows a
modular design in which system components can be
updated, refined or even replaced flexibly.

2. Construction and Content of SAMotifbase
Motif Statistics
We summarized in Table 1 the statistics of the
motifs identified from folds, superfamilies and families
in the SCOP database. They include the number and
the coverage of the proteins that contain the motifs
identified, the number of motifs per protein, the total
number of motifs, and the mean size of the motifs.
There are more than 82% of the proteins at the fold
and the superfamily level that contain the structural
alphabet motifs we identified. This suggests that these
motifs are well conserved within folds and
superfamilies in the SCOP database. As for the family
level, due to its limited family size (e.g. fewer than 3
members in some families), we did not show any
significant motif for some small families, e.g. Variant
RING domain g.44.1.3. Though the coverage is lower
compared with that of folds and superfamilies, there
are still more than 78% of the proteins at the family
level showing the occurrence of significant motifs. On
the other hand, as the size of a family is significantly
smaller than that of a superfamily or a fold, it is more
likely that the family members show more resemblance
to each other. As a result, the size of common motifs in
a family was expected to be larger compared with folds
or superfamilies, and our findings shown in Table 1
agreed to this conjecture.
Table1. Summary of motif statistics in Folds,
Superfamilies and Families.
Hierarchical Level
Meaning of Statistics

Fold

Super
Family
1506

Family

2567
Number of Proteins Containing 964
Motifs
(3277)
(1833)
(1160)
(Total Proteins)
Coveragea
83.10% 82.16% 78.33%
Total Motifsb
8857
9899
10040
Number of Motifs/Proteinc
9
7
4
Mean Size of Motifsd
22
31
55
a
Coverage is the Number of Proteins Containing Motifs
divided by Total Proteins, e.g. 83.10%≈964/1160.
b
Total Motifs is the total number of motifs identified at a
hierarchical level, e.g. 8857 motifs were found from all the
folds in SCOP.
c
Number of Motifs/Protein is defined as Total Motifs divided
by Number of Proteins Containing Motifs, e.g. 9≈8857/964.
d
Mean Size of Motifs is the average motif size in the number
of alphabet letters.

Discovery of Structural Alphabet Motifs
The discovery of structural motifs can be simply
divided into two stages. The first is to transform the
protein structures in a group, e.g. a SCOP family, into
a structural alphabet letter representation, and the
second is to identify the conserved motifs from the
structural alphabet sequences. Given a structural
alphabet, we can transform all the proteins recorded in
SCOP into a 1D representation, and maintain the
proteins in the original SCOP hierarchy. These 1D
alphabet sequences are later used to identify significant
motifs that characterize the local structural features at
each hierarchical level. Different alphabets were
derived based on different design philosophies [8-14].
Their size can vary from a dozen to nearly a hundred.
They reflect different structural characteristics and
have various applications. With our modular alphabet
design pipeline, if necessary, we can substitute an
appropriate structural alphabet in the database
construction process. For the current version of SAMotifbase, we designed the alphabet [15], which
contains 18 letters, five of which represent the helix
structure, eight for the sheet, and the rest for the coil,
to convert protein 3D structures into 1D structural
alphabet sequences. In the second stage, we used
MEME [16] to identify the motifs from the proteins in
each fold, superfamily and family, respectively.
Besides MEME, many other sequence motif-finding
tools have been developed, including Gibbs sampler
[17], Oligo-analysis [18], AlignACE [19], Weeder [20],
WINNOWER [21], CONSENSUS [22], etc. With little
modification, these tools can replace MEME when
needed.

Content of SA-Motifbase
The main objective of SA-Motifbase is to
provide the structural alphabet motifs that
characterize local structure features conserved in
the SCOP protein hierarchy. Besides, for each motif
in SA-Motifbase, we also present the alphabet letter
preference, the alphabet letter occurrence
distribution and its significance. Users of SAMotifbase may get a deeper insight of protein
structures from the information provided.
In SA-Motifbase, we represent each motif by a
regular expression and a position weight matrix, as
shown in Figure 1. To show the difference in
alphabet conservation between structural alphabet
motifs and the corresponding amino acid motifs,
SA-Motifbase presents a histogram of entropy in
each position within the motif. We showed an
example in Figure 2, which indicates that the
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structural alphabet motif is more conserved than the
amino acid motif.
For each structural alphabet motif and its
corresponding amino acid motif, SA-Motifbase also
provides a histogram to show the distribution of
alphabet letter occurrences in each position within the
motif, respectively. An example is shown in Figure 3.
From the histograms, users can analyze the number of
occurrences of each alphabet letter in a particular
position within a motif. From the comparison in
occurrences between structural alphabet and amino
acids, we can derive the relationships between protein
sequences and structures, e.g. the preference of
structural alphabet for specific amino acids.
Relationships of this kind in motifs can be further
refined as building blocks to predict the structures of
novel protein sequences.
(a)

(b)
[LN][TA][GR][CW][WKN][FQA][RTP][QT]TT[LPT][TK]S[KN][GN][AH][RF
][QR][TQ]TTTTTTTTTTTTTT[LS][KN][GF][HR][FQ][RS]

Figure 1. A sample structural alphabet motif in SCOP
a.1.1.1. (a) Represented by a position weight matrix. (b)
Represented by a regular expression.

Figure 2. Histogram of entropy in each position within
structural alphabet motif and amino acid motif. The xaxis indicates the positions, and the y-axis shows the
entropy. Entropy of structural alphabet motif is colored
in grey (in green on the database); amino acid motif, in
black (in red on the database). The lower the entropy,
the more conserved the alphabet.
(a)

(b)

Figure 3. Histograms of alphabet letter occurrence
distribution in the first position within a structural
alphabet motif and its corresponding amino acid motif.
The x-axis indicates all the alphabet letters, 18 in
structural alphabet and 20 in amino acids. The y-axis
shows the number of occurrences for a particular
alphabet letter. (a) The distribution of structural
alphabet letter occurrences in the first position. (b)
The distribution of amino acid occurrences in the first
position within the corresponding amino acid motif.

3. Future Development
We plan to continue the work in the following
directions. First, many structural alphabets and quite a
few motif detection algorithms have been developed
based on different design philosophies and application
domains. We intend to incorporate other structural
alphabets and motif-finding algorithm into our system.
We expect to discover more kinds of motifs in a wider
variety of protein structures. Second, the analysis of
the distribution of alphabet occurrences and
conservations within the motifs maintained in SAMotifbase provides a different point of view from
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which to investigate the conserved evolutionary
relationships in proteins as well as an alternative way
in which to assist in protein structure prediction. We
intend to design a protein function predictor using
structural motifs as important features. Based on the
motifs, the functions of novel proteins can be predicted
by classifying them to protein groups with known
functions. Third, as there have been many other protein
structure or protein function prediction systems
available, we also plan to verify the possibility of using
structural alphabet-based methods as a preprocessor.
Compared with most prediction strategies typically
based on 3D information, alphabet-based methods
have much lower computational complexity. Thus they
can help other predictors constrain the search space
efficiently by filtering out irrelevant predictions in
advance.

4. Conclusion
In this paper, we introduced a general framework
for structural motif discovery, and created a structural
alphabet motif database. Two major components in our
framework are: (1) the structural alphabet used to
describe protein structures and (2) the motif-finding
algorithm used to discover significant local structure
features. In our evaluation experiments, we used the
structural alphabet designed in [13], and a widely used
motif detection algorithm, MEME [14]. These
components can be flexibly replaced with others when
necessary to increase the applicability in different
domains. The current results showed that using
structural alphabets combined with 1D motif-finding
algorithms could successfully identify biologically
meaningful sub-domains in proteins. Besides, we
detected the structural motifs conserved in the SCOP
protein hierarchy, and created a structural motif
database called SA-Motifbase. We have found in
several protein classification groups, e.g. TIM barrel
proteins, EGF-like proteins [15], metalloproteins and
immunoglobulin proteins, the motifs we identified map
well to the known protein (sub-)domains or functional
parts. These results further proved the feasibility of
discovering useful relationships between protein
functional parts and conserved protein local structures
represented as structural alphabet motifs.
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Abstract

We present a framework for the servitization of a Decision Support System (DSS). As we want to provide this DSS
as a service, we base our framework on the IT Services technology. We focus our DSS on public health problems, and
we use genomic data to guide our DSS. The natural killer
cells (NK), in particular immunoglobulinlike receptor (KIR)
genes, are part of our auto-immunity system. Therefore the
presence or absence of these genes can be associated with
diseases including viral infections (influenza) and cancer.
Several studies have been done reporting disease associations with HLA-KIR gene combinations including a couple
of genes. This research focus on studying the complete set
of KIR genes. We attempt to predict, via a DSS, whether
or not somebody can be protected through their KIR genes
against diseases such as influenza and cancer. We present
a framework for servitizing a DSS based on support vector
machines (SVMs), where SVMs are the state-of-the-art on
classification methods in machine learning. Results using
artificial data are presented, showing that this is a promising approach.
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in drug design, Computer-based medical systems.
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1 Introduction
Information Technologies (IT) are using the general concept of service to deploy software applications, and this is
known as IT services. A service can be define as something
intangible that is consumed or used by an end-user giving a
value-added [13]. The concept of services computing is not
new in information systems and software engineering, but
nowadays is widely used [14]. IT services include topics
such as Web services, service-oriented architectures (SOA),
software as a service (SaaS), platform as a service, and business process management (BPM).
The Information Technology Service Management
(ITSM) approach concerns the whole IT organizational
function. ITSM was started by the formerly British Central Computer and Telecommunications Agency. ITSM
is inspired by the the standard ISO-9000 for quality of
processes. Information Technology Infrastructure Library
(ITIL) is an ITSM de facto standard, and ITIL v.2:2002
states that “IT Service Management must make a difference to the whole organization. It must take the business
processes more efficient and more effective” [14]. Another
standard is the CMMI for Services (CMMI-SVC), which is
a guide to help service provider organizations reduce costs,
improve quality, and improve the predictability of schedules. ITSM has special attention for business process management, and it is a topic also studied by business schools
around the world.
Decision-making support systems (DMSS) are special-

802

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

ized computer-based information systems designed to support decision-making process, and they have capabilities
of decision support systems (DSS), executive information
systems (EIS) and expert systems/knowledge based systems (ES/KBS). Individual EIS, DSS, and ES/KBS, or pairintegrated combinations of these systems, have yielded substantial benefits for decision makers in real applications
[7, 16].
One of the objectives of our research is to make accessible a DSS for hospitals, doctors and patients, as services
computing. It has been proposed across the literature digital health systems to provide services, e.g. see [17]. Most
of the research on this topic has been done to provide general frameworks including clinical Decision Support Systems (DSS).
The contribution of this paper is the framework to servitize a DSS based on genomic data for disease diagnosis.
Let us describe the genomic data for our DSS. The
NK cells are part of our natural immunological system.
The KIR genes are associated to the NK cells, and they
are linked genes located on chromosome 19 in humans
(19q13.4), see Fig. 1. Genomic data report the presence
or absence of KIR genes given the DNA information of a
patient who have survived or died for some diseases. For
public health problems, it is of interest to study the correlation between KIR genes and diseases. Some studies include
the association between HLA-KIR gene combinations with
various diseases. However, these studies are performed with
a couple of genes [18]. This paper focus on the complete set
of KIR genes associated to a single disease.
We study Genomic data that represents the absence and
presence of all KIR genes for a given patient. It also contains the information whether this patient has survived or
died to a specific disease. The objective is to find a model
that given these data our algorithm, once trained, predicts if
a new patient is protected by his KIR genes for some disease. In other words, we attempt to find a function that
classify people that can be protected for a given disease according to his KIR genes coded in his DNA.
Combinations of HLA and killer cell immunoglobulinlike receptor (KIR) genes have been associated with diseases as diverse as auto-immunity, viral infections, reproductive failure, and now cancer [15]. Much as early observations of disease associations with HLA polymorphism
preceded a detailed knowledge of HLA recognition by T
cell receptors, the recently reported disease associations
with HLA-KIR gene combinations beg for a better understanding of the underlying mechanisms. However, this research does not cover the complete set of KIR genes. This
is because the problem becomes hard if we add more variables. “Only a limited number of studies addressing genetic
associations between KIR genes and specific diseases have
been reported to date” state Carrington et al. [2].

Here we propose a Support Vector Machine (SVM,
SVMs for plural) as our DSS to perform the classification
task (people who survived or died to some disease). The
advantage of SVMs is that, it can perform multivariate classification in a non-linear manner, and we can cover the complete set of KIR genes rather than a few of them [15]. So far
is the state-of-the-art in classification algorithms [11, 20],
and it comes from the machine learning community in artificial intelligence.
We test our algorithms with artificial data simulating
the presence of KIR genes and also simulating the disease.
With artificial data, we can test whether or not the SVMs
can perform the classification task.
The remainder of this paper is organized as follows: In
Section §2, we present a framework for the servitization of
our DSS. In §3, we present our artificial genomic data to
test our DSS. Section §4 introduces the DSS and SVMs.
The experiment results and discussion on our DSS are at
§5. Finally, at the end comes conclusions and future work.

Figure 1. KIR genes are located at chromosome 19q134.

2 Servitization of the DSS
In Figure 2, we present the general framework for servitizing our DSS. We create a Web service. The Model View
Controller (MVC) supports both dynamic and static Web
services [1]. The Extensible Markup Language (XML)
can be considered an standard for Web applications involving data transactions. The HyperText Markup Language
(HTML) is more for formatting the data and XML for the
meaning of the data [9].
The Web service communicates with the DSS through
MVC with XML messages.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

803

cation algorithm, SVMs, that solves the XOR problem. We
introduce SVMs in the next section.
Linear classification of two classes (by Perceptron).
1.6

1.4

1.2

1

x2

0.8

Figure 2. IT Service. A web service for the
DSS.
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Figure 3 shows the flow of information. A patient or
doctor introduces a string with KIR genes via the Web Service. Then the Web service employs MVC and send a XML
message to the DSS. The DSS responds with a XML message with the diagnosis. Finally, the Web service shows the
results to the person who required the diagnosis.
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Figure 4. Linear classification is possible if
the data is linearly separable.

Figure 3. Information flow through the Web
Service.
Locally, the DSS employs a SVM to find the pattern
between the input string and the records stored in the
databases.

3 Artificial Genomic Data for the DSS
Before introducing our artificial data, let us show you
how complex is the classification task if the data is not linear separable. Figure 4 shows a simple problem. The data is
linearly separable, this task is easily performed by a linear
classification algorithm such as the Perceptron [12]. Nevertheless, if we have the classical XOR problem, for the same
number of inputs as in Fig. 4,the classification task becomes
impossible for simple linear classification algorithms. In
Figure 5, we show the performance of a non-linear classifi-

Figure 5. Non-linear classification for the
XOR problem with SVMs. We classify black
points against white ones.

So far it has been reported the existence of 16 KIR genes
[2, 19], that can be associated to some disease. Since there
are many variables, there is not warranty that the classification task is linear. Therefore, the SVMs is important to
solve this problem as we showed in Fig. 5 because the classification may be non-linear if we take in account all KIR
genes.
The list of names for KIR genes is KIR2DL1, KIR2DL2,
KIR2DL3, KIR2DL4, KIR2DL5A, KIR2DL5B, KIR2DS1,
KIR2DS2, KIR2DS3, KIR2DS4, KIR2DS5, KIR2DP1,
KIR3DL1, KIR3DL2, KIR3DL3, KIR3DS1 and KIR3DP1
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are 17 genes, however genes KIR2DL5A and KIR2DL5B
have very similar structures and have very similar sequences, so they are also considered as the same gene. This
list is published by The Immuno Polymorphism Database
(IPD), KIR database [19]. For simplicity, we refer to such
list of genes as ~g = g1 , g2 , ..., g1 6.
In Table 1, we present our artificial data. We simulate the
presence (1) or absence (0) of each KIR gene for a person
pi . We have data for 50 persons. The last column d1 represents some disease, d1 = 1 means that the person survived
to the disease, otherwise died. The values for each gene
in ~g areP
generated randomly, and d1 is obtained as follows

through the linear classification problem [6]. Then, the margin maximization problem is extended to not fully linearly
separable data, and this leads to the concept of soft margin
– the trade-off between maximizing the margin and misclassified variables. Finally, the well known kernel trick
along with the margin maximization comes up with SVMs
for non-linear data [6, 20].
The kernel trick allows us to classify non-linear data in a
high-dimensional feature space linearly, see Fig. 6.

16

gj

⌉. In other words, d1 is the round of the sum
d1 = ⌈ j=1
16
of ~g divided by sixteen. This give us a good distribution of
0’s and 1’s for d1 .
We have generated data1 for 50 persons only, because
it is the amount that is typically studied for some specific
disease at molecular biology labs. Statistically talking, the
amount of ten samples is sufficient. The values for ~g may
be generated randomly, but d1 cannot. It is important that
given some combination of values for ~g we can reproduce
the value of d1 .
pi

g1

g2

g3

...

g16

d1

1
2
3
..
50

0
0
0
..
1

0
1
0
..
0

1
1
1
..
0

...
...
...
...
...

1
1
0
..
1

1
0
1
..
1

Table 1. Artificial Data. Simulates the presence or absence of a KIR gene for a disease
d1 . If d1 = 1 means that the person survived
to the disease, otherwise died.

Figure 6. Kernel trick. Non-linear data in a
high-dimensional feature space

To map ~g into a future space φ, it is necessary to use a
mapping function, the kernel, we use a Gaussian kernel also
referred to as RBF kernel (RBF, Radial Basis Functions).
The steps to obtain a SVM for classification are summarized
in [6]. By using RBF kernel, we have two parameters to set,
the width of Gaussian functions σ and the variable C that
controls the trade-off between misclassification and the size
of the margin in the SVMs. C
To set these parameters, we use genetic algorithms [8].
We define as our population
P~1 = {(σ1 , C1 ), (σ2 , C2 ), (σm , Cm ), },

4 Our Decision Support System (DSS): Support Vector Machines
The core of our DSS is a SVMs. The SVMs were introduced by Cortes and Vapnik [4] as support-vector networks. The term SVMs has been widely divulged by Cristianini and Shawe-Taylor [5], and studied across the statistical learning and kernel machines literature [11, 20]. SVMs
focus mainly on two tasks: classification and regression
problems. In this paper, we are interested on SVMs for classification.
To describe SVMs, the concept of margin and the
essence of SVMs, margin maximization, is presented
1 The

data is freely available by request.

(1)

where each element in P~1 is a hypothesis commonly referred as individual or chromosome2, which is a set of parameters {σ, C} initialized randomly. Then we have m hypotheses, size of the population. Each hypothesis is evaluated by f that is a measure of fitness pointing the best
hypothesis out. Then, we apply artificial genetic operators such as selection, crossover, mutation and re-insertion
(elitist strategy) to generate P~2 , ..., P~n populations. At the
n generation, we choose from P~n the best set of parameters (or individual) according to its fitness; i.e., with minimum f . This process leads to artificial evolution, which is a
2 Since we are working with real genes, it is worth to mention that this
term refers to an artificial chromosome as used in the evolutionary computation literature [8].
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stochastic global search and optimization method based on
the principles of biological evolution [8].
We use real representation for individuals in the population. We employ a population size of np = 300 individuals
and n = 50 generations unless other values are given. We
use the Genetic Algorithm Toolbox3 for MATLAB R [3].

5 DSS: Experiments and Discussion
So far, we have tested the DSS alone because we are still
developing the complete framework to servitize our DSS.
This paper studies the possibility that our DSS based on a
SVM might predict some disease given KIR gene data for
some patient. We introduced the artificial data in §3 simulating the KIR genes ~g and a disease d1 for fifty patients.
Then, we are willing to find a function that describes the
relation between ~g and d1 . In other words, a function that
classifies those patients who died or survived to the disease
d1 given ~g.
We do perform the classification task for our artificial
data through SVMs, see §4. We found that our SVMs classifies the 100% of the patients in Table 1. We use RBF
kernel function as our basis functions. With a genetic algorithm, as described in §4, we found that the best parameter
combination is C = [0.1, 15] and σ < 0.01. Values for σ
higher than 0.01 makes that our SVMs cannot classify our
artificial data in Table 1. The critical parameter is σ.
In order to evaluate the generalization (robustness) of our
SVMs, we perturb our artificial data in Table 1 (our training
data). We use the algorithm for mutation in genetic algorithms to perturb the data [3]. The mutation algorithm for
binary representation flips a bit in ~g with probability of 0.04.
By doing this, we obtain about 35 bits flipped on our artificial data. Since the mutation procedure is stochastic, we
repeat this 30 times. After perturbing our data, we do test
our SVMs (trained with our artificial data), and we found
a range of 31% to 38% of classification error. We obtain
a range because the perturbation is stochastic and repeated
thirty times. In the literature, it is recommended to use 50%
of the whole data set as training data [11]. It is well know
that others recommend to use the 80% of the data as training data and the rest as test data, e.g. see [12]. However, it
depends of the problem to solve.
All SVMs simulations have been done with a toolbox for
Matlab R , Support Vector Machines for Classification and
Regression by Gunn [10].

805

component of the Web service is the DSS and consequently
the SVM, i.e. the classifier. At this moment, the experiments are carried out with the DSS on artificial genomic
data. In a forcomimg paper, we are going to present the
performance on real genomic data for a set of selected diseases such as cancer and influenza.
We conclude that SVMs can be used for finding associations between KIR genes and diseases, ~g and d1 respectively, regardless of the classification error when perturbing
the data ~g . One of the contributions of this paper is the
generation of the artificial data in Table 1 and then the classification of these data via SVMs. According to the best of
our knowledge, it has not been reported studies that relate
SVMs with KIR gene data for predicting diseases. This is
due to we are linking two sciences, biology and computer
science. This research work in some way is an interdisciplinary work.
On the artificial genomic data we obtain classification
errors between 31% to 38% with our test scenario.
When carrying out this research, we found that there are
many research lines to follow. We use only d1 functions as
our disease definition, however more functions simulating
real data are needed. It is also important to compare the performance of our SVMs against other state-of-the-art classification algorithms on the same artificial data and with the
same perturbing method. The perturbing algorithm should
be close to real problems, not randomly. Nevertheless, real
data cannot be perturbed because d1 or other function for
the disease is unknown.
This study is only at KIR genes level. However, each
KIR gene has been shown to be highly polymorphic at the
allelic and haplotypic level [19]. Some molecular biology
labs are generating data at alleles level, and this means
that input variables increase considerably. In 2003, there
were 89 alleles and in 2009 there were reported 450 alleles
[19]. Therefore, we have not tested how many variables the
SVMs may classify and the minimum quantity of patients
required to perform the classification.
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6 Conclusions and Future Work
In this paper we present a framework for servitizing a
DSS. We propose MVC to servitize our approach. The main
3 which

is available online with a good documentation, see [3]

References
[1] N. Balani. Web services architecture using MVC style.
Technical report, IBM, 2002.

806

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

[2] M. Carrington and P. Norman. The KIR Gene Cluster. The
National Center for Biotechnology Information, 2003.
[3] A. J. Chipperfield, P. J. Fleming, H. Pohlheim, and
C. M. Fonseca.
Genetic Algorithm Toolbox for use
with MATLAB.
Automatic Control and Systems Engineering, University of Sheffield, 1.2 edition, 1996.
http://www.shef.ac.uk/acse/research/ecrg/getgat.html.
[4] C. Cortes and V. Vapnik. Support-Vector Networks. Machine Learning, 20:273–299, 1995.
[5] N. Cristianini and J. Shawe-Taylor. Support Vector Machines and other kernel-based learning methods. Cambridge
University Press, 2000.
[6] T. Fletcher. Support Vector Machines Explained. Technical
report, University College London, 2009.
[7] G. Forgionne, M. Mora, J. N. Gupta, and O. Gelman.
Decision-Making Support Systems. Encyclopedia of Information Science and Technology, 2005.
[8] D. Goldberg. Genetic Algorithms in Search, Optimization,
and Machine Learning. Addison-Wesley, 1989.
[9] C. Goldfarb and P. Prescod. XML Handbook. Prentice Hall,
2000.
[10] S. Gunn. Support vector machines for classification and regression. Technical report, University of Southampton, May
1998.
[11] T. Hastie, R. Tibshirani, and J. Friedman. The Elements of
Statistical Learning: Data Mining, Inference, and Prediction. Springer, 2001.
[12] S. Haykin. Neural Networks: A Comprehensive Foundation.
Prentice Hall, 1999.
[13] T. Levitt. Production-line approach to service. Harvard
Business Review, pages 41–52, 1972.
[14] M. Mora, R. O’Connor, O. Gelman, and J. Macias-Luevano.
A service-oriented information technology organizational
systems engineering and management framework. In SIG
SVC Workshop in the Thirtieth International Conference on
Information Systems, 2009.
[15] E. Naumova, A. Mihaylova, M. Ivanova, and M. S. Impact
of KIR/HLA ligand combinations on immune responses in
malignant melanoma. Cancer immunology, immunotherapy,
56(1):95–100, 2007.
[16] G. Phillips-Wrena, M. Mora, G. Forgionne, and J. Gupta.
An integrative evaluation framework for intelligent decision support systems. European Journal of Operational Research, 195(3), 2009.
[17] W. Raghupathi and A. Umar. Integrated Digital Health Systems Design: A Service-Oriented Soft Systems Methodology. Journal of Information Technologies and Systems Approach, 2(2):15–34, 2009.
[18] S. Rajagopalan and E. Long. Understanding how combinations of HLA and KIR genes influence disease. Journal of
Experimental Medicine, 201(7):1025–1029, 2005.
[19] J. Robinson, K. Mistry, H. McWilliam, R. Lopez, and
S. G. E. Marsh. IPD-the Immuno Polymorphism Database.
Nucleic Acids Research, 2009.
[20] J. Shawe-Taylor and N. Cristianini. Kernel Methods for Pattern Analysis. Cambridge University Press, 2004.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

807

Three Dimensional Structure Modeling and Analysis of
Ribulose 1,5-Bisphosphate Carboxylase of Hypericum
perforatum
A. Ashish Gupta1, B. Anshika Malaviya1, C. Sharada M. Potukuchi2, and D. Jitendra Narayan1
1
Amity Institute of Biotechnology, Amity University, Noida,U.P., India
2
School of Biotechnology, Shri Mata Vaishno Devi University, Katra, J&K, India

Abstract - Ribulose 1,5 bisphosphate carboxylase (RuBP
Carboxylase) is an enzyme that is used in the Calvin cycle to
catalyze the first major step of carbon fixation, it catalyzes
either the carboxylation or the oxygenation of ribulose-1,5
bisphosphate
with carbon dioxide or oxygen. RuBP
Carboxylase is very important in terms of biological impact
because it catalyzes the most commonly used chemical
reaction by which inorganic carbon enters the biosphere.
Using homology modelling the three dimensional structure of
RuBP Carboxylase has been designed with the help of known
three dimensional (3D) structure of a crystal form enzyme
from Nicotiana tabacum. The reliability of the model was
confirmed by obtaining scores from variety of inslico scoring
tools, including Verify 3D, Errat. The 3-D model of RuBP
Carboxylase predicted from this study has been successfully
submitted into Protein Model Database (PMDB ID
PM0075653), which can provide a platform to further study
this important plant enzyme/protein.
Keywords: St. John’s wort, homology modeling, PMDB,
Nicotiana tabacum, 3D

1

Introduction

In recent years Hypericum perforatum, also known as St
John’s Wort, has received special attention due to its
pharmacological properties, including antiseptic, spasmolytic,
tonic, diuretic, and anesthetic remedies [1, 2]. Extracts from
this plant are utilized in the treatment of mild to moderately
severe depression [3, 4]. P27SJ which is isolated from this
plant have an important role in regulation of HIV-1 genome
[5].
RuBP Carboxylase is very important in terms of biological
impact because it catalyzes the most commonly used chemical
reaction by which inorganic carbon enters the biosphere. It is
also the most abundant protein in leaves, and it may be the
most abundant protein on earth. Given its important role in
the biosphere, there are efforts currently to genetically
engineer crop plants so as to contain more efficient RuBP
Carboxylase. It is a key enzyme that converts atmospheric
carbon to food and supports life on this planet. Its low
catalytic activity and specificity for oxygen leads to
photorespiration, severely limiting photosynthesis and crop
productivity [6].

One of the earliest discoveries of RuBP Carboxylase made by
Wildman & Bonner [7], of a major protein in green leaves
called Fraction I protein due to its electrophoretic
homogeneity. Several reviews on the properties of the RuBP
Carboxylase have since appeared [8, 9, 10, 11] and much is
now known concerning the biosynthesis of the enzyme and its
genetic regulation by both nuclear and chloroplast genomes
[12]. As a genetic marker it has been useful for probing many
nucleocytoplasmic relationships in plants. It has also proven
to be an excellent tool to follow the evolution of autotrophy
[13].
Homology modeling (HM), also known as comparative
modeling, is a class of methods for constructing an atomic
resolution model of a protein from its amino acid sequence
i.e. "query sequence" or "target” [14]. HM can produce high
quality structural models when the target and template are
closely related. HM is becoming a useful technique in the
field of bioinformatics because knowledge of the 3-D
structure of a protein would be an invaluable aid to
understand the details of a particular protein [15, 16]. Since
the structure of this important plant protein has not been
reported, the main aim of this study was to predict the 3-D
structure of RuBP Carboxylase and establish some important
analysis.

2
2.1

Material and Method
Retrieval of Target sequence

The amino acid sequence of the RuBP Carboxylase, was
obtained from the sequence database of NCBI (accession no.:
AAL35668.1, entry name RuBP Carboxylase, Hypericum
perforatum and GeneID: 17135961). It was ascertained that
the 3-D structure of the protein was not available in PDB
(Protein Data Bank) http://www.rcsb.org/pdb/home/home.do
hence the present exercise of developing the 3-D model of
RuBP Carboxylase of Hypericum perforatum was
undertaken. The protein consists of 467 amino acids.

2.2

Template Searching

An attempt was made to find a suitable template protein
for the modeling of the target protein. The template protein
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was searched through Geno3D server [17], http://geno3dpbil.ibcp.fr/cgi-bin/d3_geno3d2.pl (an online tool for
searching similar sequences, based on sequence and
structure-wise similarity). From the homology searching
DING protein of Nicotiana tabacum 4RUB Chain A [18] was
selected as template protein.

2.3

Sequence Alignment

A, pdb|4RUB|A, which is a crystal form of RuBP
Carboxylase from Nicotiana tabacum in the activated state,
was selected as template (Figure 1). For 4RUB, E value 0.0,
identity 94% and alignment score 904 bits was obtained.
MODELLER 9v5 was used for building the model and global
energy minimization. The sequence was obtained from
sequence database and was submitted to blastp search. After
the BLAST analysis [26], modeller software was used to build
the models.

Amino acid sequence alignment of target and template
proteins was derived using the Swiss-PdbViewer package
[19]. Default parameters were applied and the aligned
sequences were inspected and adjusted manually to minimize
the number of gaps and insertions.

2.4

Rough Model

Rough 3-D models were constructed from the sequence
alignment between RuBP Carboxylase and the template
proteins using MODELLER 9v5 [20] with parameters of
energy minimization value.

2.5

Refinement

The rough model constructed was solvated and subjected to
constraint energy minimization with a harmonic constraint of
100 kJ/mol/Å2, applied for all protein atoms, using the
steepest descent and conjugate gradient technique to eliminate
bad contacts between protein atoms and structural water
molecules. Computations were carried out in vacuo with the
GROMOS96 43B1 [21] parameters set, implementation of
Swiss-PdbViewer.

2.6

Evaluation of Refined Model

In the last step of HM the refined structure of the model
was subjected to series of tests for testing its internal
consistency and reliability. Backbone conformation was
evaluated by the inspection of the Psi/Phi Ramachandran plot
obtained from PROCHECK analysis. The Swiss-PdbViewer
energy minimization test was applied to check for energy
criteria in comparison with the potential of mean force
derived from a large set of known protein structures. Packing
quality of the refined structure was investigated by the
calculation of PROCHECK Quality Control value [22].

3

Conclusion

From the prot param tool it was found that molecular
weight of RuBP Carboxylase was 51851.9 and theoretical pI
( iso electric point) was 6.14 [23]. In general, 30% sequence
homology is required for generating useful models. Here, the
sequence alignment score was 2852 as calculated by
ClustalW2 [24].
Based on the results obtained from mGenTHREADER [25]
program and geno3D server, the X-ray structure of the Chain

Figure 1. Alignment between template and target sequence
shows that most residues are conserved and target sequence is
aligned upto its full length.
With the help of MODELLER software 20 models were
generated, by using PROCHECK 3.0 and for each model (pdb
file) 10 plots were obtained and after analysis the best model
was selected. Refined model thus obtained was analyzed by
different protein analysis programs including PROCHECK
for the evaluation of the Ramachandran plot quality (Table 1,
Figure 2) it was found that maximum residues of this protein
lies
in
the
most
favored
region.
WHATIFserverhttp://swift.cmbi.ru.nl/servers/html/index.html
for the proline puckering analysis of the refined model
showed that all proline puckers were in normal range [27].
Table 1. Ramachandran Plot Statistics for Best Model.
Number of
Percentage of
Residues
Amino
amino acids
acids
involved
involved
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Residues in most favoured
region [A,B,L]
Residues in additional
allowed region [a,b,l,p]
Residues in generously
allowed
regions
[~a,~b,~l,~p]
Residues in disallowed
regions
Number of non-glycine
and non proline residues
Number of end-residues
(excl. Gly and Pro)
Number
of
glycine
residues
(shown as triangles)
Number
of
proline
residues
Total number of residues

373

94.2%

19

4.8%

1

.2%

3

.8%

396

100.0%
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1
49

21
467

Figure 3. - Ribbon form representation of 3D structure of
modelled protein. By using Yasara (Yet Another Scientific
Artificial Reality Application) http://www.yasara.org/ ribbon
representation.
The overall model quality was calculated by using ProSA
server(ProteinStructureAnalysis)https://prosa.services.came.s
bg.ac.at/prosa.php. From this analysis Z score for the refined
model was -10.05 obtained [29], for calculation of packing
quality. This structure (Figure 3; PMDB ID - PM0075653
http://mi.caspur.it/PMDB/ for the corresponding coordinates
in pdb format) was found to be satisfactory based on the
above results [30].
Insilico study of proteins and nucleic acids are helpful in
almost all research fields. It not only saves money but also
valuable time. Bioinformatics is commonly used in drug
design and molecular modelling. The model generated for
RuBP Carboxylase in the present study has been successfully
submitted in PMDB (Protein Model Database) with PMDB
ID –PM0075653. The 3D structure of RuBP Carboxylase may
be further used in characterizing the protein in wet laboratory
experimentations.

4
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Abstract— Sequence matching is a critical element in mapping next generation sequencer short reads to an existing
genome. Hashes are often used to reduce the number of
locations that must be examined to find the matching location for a short read. This paper presents a family of
hash functions for spatially indexing strings. Using a basic
polynomial hash this method performs approximate nearest
neighbor searches in O(cn) time and Θ(ckn) average time,
k << 1. The average case performance is compared to other
indexing schemes and found to be competitive or superior
in terms of the amount of database searched.

1. Introduction
In recent years there has been an explosion in the amount
of DNA being sequenced. It is believed that in the next
decade the cost of sequencing a human genome will drop
to the point that it will become practical to completely
sequence large populations [3]. With this revolution comes
the problem of efficiently storing DNA sequences (and their
protein sequence analogues) for fast retrieval.
Since both DNA and protein sequences are strings, the
algorithms used to index them can usually be generalized
to any string with a finite alphabet. The basic problem then,
given an alphabet Σ and a set L ∈ Σ∗ , is to find an algorithm
I that indexes L in such a way that lookup and similarity
searches can be performed in an efficient manner. This paper
explores a subset of possible I’s that attempts to view L as
a set of points in space and then index those points in such
a way that similar items tend to be located closer together
spatially, a process known as spatial indexing.

1.1 Applications
There are many applications that make use of lookup and
similarity searches. DNA could be looked up in a database
to find relatives and try to determine common ancestors.
The adaptations HIV makes to drugs could be compared
with known protein sequences to suggest the next drug to
use and to understand how the changes happen. Viral DNA
could be looked up in a diseased human genome to try and
determine if viruses play a role in cancer. When enough
genomes are sequenced, data mining could be employed
to try and find links between diseases and genes that are
not readily apparent with the data currently available. Next
Generation sequencing platforms produce millions of short
reads that can be mapped to a reference genome in order to

determine Single Nucleotide Polymorphisms (SNPs) or to
estimate expression levels for RNA.

1.2 Background
Virtually every kind of data lookup is a variant of two
general strategies - trees and hashes. With trees the idea is
to recursively subdivide the data in such a way that an entry
can be found by looking at only a small number of items,
typically logarithmically proportional to the amount of data.
Hashing, on the other hand, attempts to map the data onto
an array in such a way that it is possible to lookup an item
in constant time using the hash function as an index.
There are well developed and efficient methods for looking up an item in a database. However in genetics we
typically want to find items that are similar to a query item.
This is a much more complicated problem and there are
not any known methods to do it as efficiently as plain data
lookup. This problem is especially apparent in data that
requires many parameters (Such as R20 ), as most algorithms
devolve into the brute force linear search.
Strings, and their subsets, DNA and protein sequences,
can be described as a metric space under the Levenstein
distance. A metric space is a space where the only thing
known about it is how to calculate the distance between two
points, and that this distance function has certain properties
(More on these later).
Metric spaces usually describe a space that requires more
than one parameter to describe the location of a point, such
as R2 and R3 . One of the simplest methods to index a metric
space is to use a hyperplane tree. Every node in the tree has
an associated hyperplane with the left child being one side
and the right child the other. As items are being inserted
they are sent to the child that the item is closer to. This
gives rise to an edge case that affects the performance of
the tree. If two nodes are on opposite sides of the dividing
hyperplane and are very close to that hyperplane they can
be very similar and yet be part of different subtrees. This
means that more than one branch has to be searched in order
to find the nearest neighbor. This can cause a significant
performance degradation, as seen in the case of kd-trees.
For high dimensions the amount of the tree that needs to be
searched increases dramatically and eventually decomposes
into a simple linear search of the data.
The hyperplane concept still has significant merit however.
Given two basis strings we can place every string in our
dataset somewhere along the hyperplane that divides them.
While problematic for tree based decomposition it is possible
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to use it in hashing. The two child nodes and the query item
form a plane and as such we can describe an item’s location
with respect to the nodes using two parameters: x and y.
Using one of those parameters we can sort a database in
such a way that similar strings tend to be located closer
together.

2. Definitions
2.1 Metric Spaces
A metric space {X, d} is a set X and a distance function
d : X 2 → R, dxy ≡ d(x, y), such that ∀x, y, z ∈ X:
dxy ≥ 0 and dxy = 0 iff x = y
dxy = dyx
dxy + dyz ≥ dxz
[2]

Positivity
Symmetry
Triangle Inequality

Let M be the metric space {X, d} and a, b, q points in
M. The position of q with respect to a on the plane defined
by a, b, q is:

y(q, a, b)

d2aq + d2ab − d2bq
2dab
q
2
daq − x2
=
=

(1)
(2)

This is a natural extension of the Law of Cosines. Either x
or y can be used as the hash function.

2.3 Polynomial Hash
To reduce the number of items hashing to the same value
(a problem known as collisions) a polynomial hash can be
used. If Hi is a hash function, and a is sequence of numbers,
then a polynomial hash is defined as:
a

a2
H1an + H1 n−1 + ... + Hn−1
+ Hna1

This paper evaluated a variant of the hash function on
portions of Chromosome X and 21 (with missing base pair
markers removed). For each chromosome a sequence of
databases were generated. Table 1 shows the ranges used.
Each database was 1e6 sequences larger then the previous
one. 34 were generated for Chromosome 21 and 98 were
generated for Chromosome X. 10, 000 queries were executed
on each database. The queries were created by randomly selecting a sequence from the database and randomly mutating
10% of its symbols.

3.1 Searching

2.2 The Hash Function

x(q, a, b)

3. Methods

(3)

2.4 Similarity Searches
All similarity searches have a minimum of 3 parameters:
The set S to search, the query s, and the similarity function
dxy . The smaller the value returned by d, the more similar
x is to y. We can define the nearest neighbor of s in S as
the value t ∈ S such that ∀x ∈ S, x 6= t, dst ≤ dsx . Given a
value r ∈ Range(d), we can define the approximate nearest
neighbors of s with respect to r as the set T ⊂ S such that
∀x ∈ S, x ∈ T iff dsx ≤ r.

2.5 Levenstein (or Edit) Distance
Strings form a metric space over the Levenstein Distance
function. This function returns the number of changes (insert
a character, remove a character, or substitute a character)
needed to change one string into another. Given two string
S0 , S1 the Levenstein Distance operates in O(|S0 ||S1 |) time.

Searching is done using a biased linear search. Sequences
are hashed into a series of buckets. Each bucket represents
a particular hash value. The buckets are sorted by their
hash. Query sequences are then hashed and a pointer is
obtained for the closest bucket. Using the pointer as a
starting point a bidirectional linear search is then performed.
The list is sorted to allow for binary searching of hashes.
This adds k log(n), where k << 1, and n is the number
of buckets, overhead to each lookup when the pointer is
initially obtained. k is so small because comparing hashes
is far more efficient then comparing sequences. Choosing
the wrong direction, or traversing both at once, can easily
double the number of sequences that need to be examined.
As such the results shown should be considered the optimal
lower bound, with double the value being an approximate
upper bound.
Because of the experiment setup, the location of the match
for a query is always known. Instead of comparing every
sequence between the query and the match, they are merely
counted. In addition buckets only contain the number of
sequences, not the sequences themselves. This means the
results may be overestimated by up to the size of one bucket.
While not usable in real world applications, this approach
greatly increases how many queries and databases can be
generated.

3.2 Hashing
To reduce collisions a polynomial hash of Equation 1 was
used. Let S(a, q) build a homogeneous string of symbol a
of length q:
h(q, a, b) = x(q, S(a, q), S(b, q))
(4)
2
2
p(q) = h(q, c, g) .2 + h(q, t, c) + h(q, a, c) (5)
(6)
If the exponents are too high, the algorithm degenerates into
a normal linear search. Hence the 2.2 in p. The exact limit
appears to be dependent on the dataset.
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3.3 Criteria
For this algorithm to be useful it has to do an approximate
nearest neighbor search in an acceptable amount of time.
The upper bound for an approximate nearest neighbor search
is O(n) so the algorithm needs to perform in either linear
time (O(kn)) with k « 1, sublinear time (O(nk ), k < 1),
or logarithmic time (O(logn)). If the algorithm is linear, or
close to it, indexing large genomes will become expensive.
The human genome has around 3 × 109 , so a O(0.01n)
algorithm will still search 3 × 107 items. Since the related
algorithms discussed below operate in low order linear or
sublinear time, this algorithm only needs to be comparable
to these two to be considered useful.

Table 1: Database Sizes
Dataset
Chromosome 21
Chromosome X

Min
1e6
1e6

Max
3.4e7
9.8e7

Databases Generated
34
98

Table 2: Means, Buckets Visited
Dataset
Chromosome 21
Chromosome X

Maximum
0.252107
0.236759

Average
0.007163
0.004043

5. Results

Vantage Point Trees (VPT) have two nodes, one for if an
item is closer then some value to the root and the other for if
the item is further then that value from the root. These trees
on average search around 15% to 30% of the database [4].
Geometric Nearest Neighbor Access Trees (GNAT) select a
small subset of the dataset (at most a couple dozen items)
and create a Voronoi diagram of the dataset (a Voronoi
diagram divides the area that encloses the dataset into cells).
The remaining items are then placed in the cell they are
closest to and the process is repeated for each cell. GNATs
perform around 15%-50% better then the Vantage Point [2],
meaning that 12.75% to 15% of the database is searched on
average. Compare this with the 6% searched on average by
my algorithm if it can be completely optimized.

Tables 4 and 5 show the linear regressions for the average
and maximum number of sequences compared. The means
are around 6% of the database. The maximums are bounded
at around a third of the database. Remember that if the
wrong direction is chosen the value could easily double.
This algorithm runs in O(kn) time with k << 1 on average.
With 6% to 12% of the database searched on average (taking
into account choosing a wrong direction) this algorithm is
superior to both VPTs and GNATs.
Figure 1 shows the average number of buckets visited.
Figure 2 shows the maximum number of buckets that must
be visited if both directions are searched. Table 2 shows the
averages (as a percent of the total) for 1 and 2. Table 3 shows
the standard deviations. In Chromosome 21 the average does
not correlate to the size of the database. In Chromosome X
the size appears to correlate logarithmically to the size of the
database, but the biggest averages occur early on. For both
datasets the maximums do not correlate with the database
size.
Figure 3 shows the number of buckets per database
size. Chromosome X exhibits logarithmic (R2 = 0.879161)
growth while Chromosome 21 exhibits very low order linear
(R2 = 0.97402) growth. the curve for Chromosome 21
shows some logarithmic like characteristics, so it is possible
that if more sequences were available it would turn logarithmic. In either case the number of buckets is much less than
the size of the database.

4.2 Hash Based Algorithms

6. Conclusions

4. Related Work
A review of the literature found that this algorithm
compares favorably with related work. Approximate nearest
neighbor searches using trees or hashes operate in linear
time, though trees tend to be more memory efficient.

4.1 Tree Based Algorithms

In [1] Andoni and Indyk provide an overview of the
research on a hashing scheme known as Locality Sensitive
Hashing (LSH). In this scheme the dataset is divided into
buckets such that similar items have a high probability
of being assigned to the same bucket. This scheme has a
O(nρ ) where ρ = 1/c. c is an approximation factor, and
since my algorithm doesn’t use one c is equal to 1 for
the purposes of comparing LSH and my algorithm. The
performance is then reduced to O(n) which indicates that
the performance difference between my algorithm and LSH
is bounded by a constant. Unfortunately research into LSH
is largely theoretical so I wasn’t able to find any data with
which to approximate the constant.

This algorithm holds promise as a string indexing scheme.
It is superior to comparable algorithms such as VPTs or
GNATs. Its memory overhead is much smaller, as it only

Table 3: Standard Deviations, Buckets Visited
Dataset
Chromosome 21
Chromosome X

Maximum
0.023459
0.01934

Average
0.001499
0.001405

Table 4: Linear Regression for Averages
Dataset
Chromosome 21
Chromosome X

Equation
6.0041e-2 + 52322
5.8742e-2 - 3662

R2
0.991118
0.999386
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Table 5: Linear Regression for Maximums
Dataset
Chromosome 21
Chromosome X

Equation
3.26473e-1x + 382349
3.38051e-1x + 714263

R2
0.98356
0.966999

Fig. 1: Average Number of Buckets Visited

Fig. 2: Maximum Number of Buckets Visited

needs to store hashes for buckets. It is also quicker to build
since it only needs to hash each sequence once. Trees require
comparisons to be done at each level. LSH is similar to this
algorithm, so the difference is probably a fixed constant.
Unfortunately, there is insufficient hard data to determine
that constant.

7. Future Research
If the correct direction to search could be chosen consistently, performance would improve significantly. Constructing a statistical model of a dataset may help with this. The
model could also be used to improve the polynomial hash.
The most promising aspect of this algorithm is its potential
for meta-indexing. Searching inside of a bucket could be
done by another algorithm. Algorithms that would normally
use too much memory, or take too long to organize the
data, could be used since the buckets are much smaller
then the database. Since the number of buckets grow slowly
in comparison to the database, and the number of buckets
visited during a search is small, the linear behavior of
this algorithm is due to the linear search done in each
bucket. Improving searching inside a bucket could reduce
the algorithm to sublinear or logarithmic time.
This algorithm could also be use used to quickly compare
datasets. Buckets in one dataset but not another could be
used as a starting point to search for interesting differences.
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Analysis of Hydrogenase Maturation Protease
from Pyrococcus abyssi Through Homology
Modeling
N. Lakshmi Bhavani,
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Abstract:
A putative protein Hydrogenase Maturation
Protease is selected from the organism Pyrococcus
abyssi and a homology modeling is predicted using
the Bioinformatics tools. The protein Hydrogenase
Maturating Protease is found to be falling under the
family Hydrogenase complex and is oxidoreductase
acting on reduced ferredoxin as donor, hydrogen
ions as acceptors. . It is also related to Hydrogenase
HycI and functions as metalo endopeptidase. The
3D PSSM result indicated that the protein is having
α and β chains with phosphorylase / hydrolase like
folds. This protein is a DNA binding protein, acts
in the regulatory mechanism and has got
evolutionary close relationship with chain A
Hydrogenase Maturating Endopeptidase from E.coli

1

Introduction:

Every function in the living cell depends on proteins
including the catalysis of all biochemical reactions
which is done by enzymes that contains protein.
Understanding the structural details of all putative
proteins from a genome helps to map their functions
in various pathways. It has been suggested that
biological function of proteins is intimately
connected with the 3D arrangement of their atoms.
An attempt is made to predict the structure and
function of “Putative Hydrogenase Maturating
Protease” through homology modeling in the
organism Pyrococcus abyssi that helps in
understanding its biological activity.
The goal of structure prediction is to take primary
structure (sequence) and using rules derived from
known structures, predict the secondary structure
i.e. most likely to be adopted by each residue. In the
early eighties manual comparative modeling was
done with the help of computer graphics. But in the
recent times many knowledge-based automated
modeling of proteins can be carried out (Johnson et
al., 1994, Sanchez & Sali, 1998).
The homology modeling of a protein includes
identification of structural homologous protein
sequences, selection of structural homologues used
as templates for modeling, alignment of templates
with the protein sequence to be modeled,

identification of SCRs and SVRs (Structurally
Conserved and Variable Regions), manipulation of
SCRs and SVRs to obtain a model and finally
evaluation and refinement of the model.
Homologous proteins are evolutionary related and
adopt similar tertiary structure (Hubbard &
Blundell, 1987, Lesk & Chothia, 1986).

2.

Organism and Protein Selected

2.1

Pyrococcus abyssi:

This bacterium belonging to the family
Thermococcaceae was isolated from inside a vent
3,500 meters below the ocean surface in the
southwest pacific. It thrives best at temperatures of
about 103 degrees centigrade and under pressures of
about 200 atmospheres. At such high temperatures
the microbe’s DNA undergoes continual damage
and in order to survive, the bacterium must have
adopted a sophisticated and robust DNA repair
mechanisms based on heat stable enzymes. This
obligate heterotroph ferments peptides or mixtures
of
amino
acids,
producing
acetate,
isovalerate,isobutyrate, propionate, H2 and CO2 ,
plus hydrogen sulphide when grown in the presence
of elemental sulphur or cysteine. G. N. Cohen et al
(2003).
The protein Hyderogenase Maturation Protease a
DNA binding protein is selected for homology
modeling. The whole genome sequencing of
Pyrococcus abyssi was carried out by Genoscope,
www.genoscope.cns.fr/Pab/; and deposited in
Genebank / EMBL under the accession number
AL096836.

3.

Models and Software Used:

3.1

Protein Finding:

PEDANT genome Database is used, for finding the
protein source. The main purpose of the PEDANT
genome database is to quickly disseminate wellorganized information on completely sequenced and
unfinished genomes. The server is available at:
http://pedant.mips.biochem.mpd.de.
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3.2

PDB-BLAST, which detected protein folds and the
result is recorded in Table 1.3.

Template Finding:

PDB BLAST (http://bioinformatics.1jcrt.edu/pdu)
and 3D –PSSM
(http://bmn.icnet.ac.1~3dpssm)
are used to obtain homologous templates. 3D-PSSM
Predicts 3 dimensional structure and probable
function of the given sequence from a library of
known protein structures on to which the sequence
is threaded and scored for compatibility.

3.3

Alignment of Sequence

JOY format is used for template alignment. JOY is a
program to annotate the sequences of single
structures or multiple structural comparisons with
symbols indicating important structural features

3.4

Model Building:

An academic version of MODELLER (Sali &
Blundell,1993) is adapted for model building which
generated many models and one of them is selected
using the probability density function.
Loop
modeling of erred loops is carried out using Swiss
Pdb Viewer (SPDBV) software (Guex,et al,1997).

3.5

Model Evaluation:

The model obtained is evaluated using Verify 3D
program (www.doe-mbi.ucla.edu/services/verfy3D/)
(Luthy et al., 1992). The stereo chemical quality of
the model is checked using PROCHECK
(Laskowski, et al.1993). (ftp://biochem.ucl.ac.uk/).

4.

Experimental Results:

4.1

Protein Information:

From the NCBI data bank the FASTA format of the
protein sequence (ORFAL096836) is extracted. The
sequence is submitted to INTER PRO scan
(http://www.ebi.ac.uk/interpro/scan.html),
which
gives the pattern and profile the sequence. INTER
PRO scan results (Table:1.1) revealed that the
sequence belongs to the family Hydrogenase
complex.
The sequence matched with the
Hydrogenase complex (1-146) and hydrogenase
HycI (3-147).

4.2 Homologous
Building:

Templates

&

Model

The
protein sequence
is submitted
to
(http://bioinformatics.1jcrf.edu/pdb) PDB-BLAST
server to generate homologous templates and the
result is given in Table:1.2. The sequence is also
submitted to (http://bmn.icnet.ac.uk/~3dpssm) 3DPSSM server to confirm the result obtained from

From the two independent homology searches a
convincing evidence is obtained that 1cfz (chain A)
is the closest homologue of the target sequence
having lowest e and more of identity values than the
other homologous sequences. Therefore 1cfz
template from E-coli is selected to build the
homology model of the target protein.
The
template 1cfza, is a x-ray structure of hydrogenase
maturating endopeptidase from E.coli.
This protein’s chain A consists of an Alpha beta
Alpha (3-layer aba) sandwich. Target-template
alignment is done using ‘JOY’ Program. The output
is shown in Fig. 1. The numbers indicate position
of amino acids. Identical and similar peptide
sequences are shaded in dark and grey.
These
show conservation of the protein structure.
Model Building is done using MODELLER for the
refined sequence structure alignment of the target
protein.
One model is selected of the twenty
models generated based on the lowest value of
probability density function. This model and
template are submitted to Verify 3D Program and
the graphs are generated. The comparison of the two
graphs revealed that most of the regions in the
model are properly modeled and few badly modeled
regions correspond to the regions of insertions and
deletions. Fig 2 & 3.

4.3

Model Refinement and Evaluation:

The regions showing troughs at the residue numbers
84 – 87, 52 – 56 are considered for loop modeling
with the help of Swiss pdb Viewer. For each loop
region anchor residues are carefully selected and the
loop database of SPDBV is scanned. Among the
loops obtained from the loop database, one is
selected based on its stereo-chemical compatibility
(no bad Phi/Psi angles) and its side chains
interaction with the rest of the structure (favorable
interaction). Loops selected are added to the model
one at a time and the local region is subjected to
energy minimization using 100 cycles of steepestdecent and conjugate-gradient methods. The model
after remodeling all the loop regions is again
submitted to verfy 3D program. The regions of
troughs in the graph found improved where the loop
modeling is done (Fig 4). Mode evaluation is done
by PROCHECK which gives the Ramachandran
Plot (Fig. 5). This plot showed, a large majority of
residues 87.6% in completely allowed most favored
regions; about 12.4% residues are in additionally
allowed regions and zero residues in the disallowed
regions. Thus the Ramachandran Plot indicated that
the model is stereo-chemically satisfactory.
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Fig. 1 Target and Template

Fig. 2 Verify 3D Graph of 1cfza Template
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Fig. 3 Verify 3D Graph of the Model from MODELER

Fig. 4 Verify 3D Graph after Loop Modeling
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Table 1.1: Inter pro search results for AL096836

Inter pro
Entry No.

Database

Name of the family

IPR000671

Inter pro

Hydrogenase
complex

IPR004420

Inter pro

Hydrogenase HycI

Matching
Sequence
range
1-146

3-147

Function

Oxidoreductase,
Acting
on
reduced ferredoxin as Donor,
hydrogen
Ions as acceptors
Mettalo endope-ptidase

Table 1.2: Structural homologues from PDB-BLAST
S.No

PDB Code
1cfza

1

E-Value

Identity

5e-26

29

2

1PSD

0.23

25

3

1J98

0.94

18

Description of entity
Chain A Hydrogenase
Maturating Endope-ptidase from E.coli
Chain
A,
D-3-phosphoglycerate
dehydrogenase
From E.coli
Chain A,The 1.2 Angstrom Structure of
Bacillus subtilis

Table 1.3: 3D PSSM Result

S.No

1

2

SCOP

Identity

Template

PSSM

Id.

%

Length

E-value

d1cfza

27

162

0.00419

c11ssa

16

132

1

Class

Fold

Alpha &

Phosphorylase/

Beta
proteins

Hydrolase like

Not in
scop1.53

Pdb header
Transport protein

3.

d1cipa2

14

195

1

Alpha &

P-loop Containing

Beta
proteins

Nucletide Triphosphate
Hydrogenases
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5.0 Discussion:
The selected putative protein “Hydrogenase
Maturating Protease” is found to be falling under
the family Hydrogenase complex. Hydrogenases
catalyze the reversible oxidation of dihydrogen.
Catalysis occurs at bimetallic active sites that
contain either nickel and iron or only iron. These
have been studied as the membrane-associated
[NiFe]-hydrogenases of E.coli-(Lucia Forzi and
R. Gary Sawers 2006).
It is related to Hydrogenase HycI and functions as
Mettalo endo peptidase. HycI is an endopeptidase
of the M52 family and responsible for the Cterminal cleavage of the large subunit of
hydrogenase 3 in E.coli. (Fan yang et. al., 2006).
Kumarevel et.al., 2009 reported the crystal
structure of HycI with three specific metal binding
sites (Ca1 – 3) which are involved in the C-terminal
cleavage of HycE. August et. al., 2006 predicted
higher complexity of this protein in other organisms
based on its putative functions in E.coli. The 3D
PSSM result indicated that the protein is having α
and β chains with phosphorylase / hydrolase like
folds Characterization and structural analysis
studies of the protein will help in revealing the
exact function of the protein.
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Ab st ra ct – Bi o Co n cep ts a n d B io d e s ig n
a re a p p li ed to co n c eive a g en e ra l
Mi cro La b fo r Ce ll Ma n ip u la t io n , b a s ed
o n b io - mic ro - en g in e e rin g a n d b io mi me ti c
p rin cip le s.A S p ec ia l M i cro - Na n o S y ste m
fo r h u ma n sp er m ma n ip u la t io n (S p e rm
Mi cro La b ) h a s b een d e sig n ed , b a sed o n
mic ro flu id ic s
and
on
mi cro n a n o fa b r ica tio n
and
b io co mp a tib le
ma n u fa c tu rin g to m ea s u re th e q u a li ty o f
sp e rma to zo a a t sp e rm ia tio n a n d in to th e
eja cu la t
fo r
a p p lica tio n
in
A RT s ,
esp e cia ll y I MS I .
K ey w o rd s:
Mi cr o -M ed ic i ne,
M icr o T ech no lo g y, MEM S, Na no -T h ec no lo g y,
H u ma n Sp er m, I M SI

1 Introduction
1.1 MicroTechnologies
MicroSurgery
of
Infertility

in
Male

Micr o T ec h no lo gi es
fo r
Mi cr o S u r ger y
ha v e
e mp ha s ized
th e
role
of
ma n u f ac t ur i n g micr o – i ns tr u me n t s a nd
to o l s to ha nd le v er y th i n a nd fr a gi le
ti s s ue s
u nd er
ma g ni f ic at io n:
t he
tec h no lo gic al i n no va tio n i n M icr o S ur ger y
ha s p er mi tt ed
to
d ev elo p
a nd
to
i mp le me nt sp e ci f ic t ec h niq u e s to r e tr ie v e
sp er m f r o m t he ma le go n ad s: ME S A
( Micr o Ep id id y ma l Sp e r m Asp ir a tio n) ,
MES E
( M icr o Ep id i d yma l
Sp er m
Ex tr ac tio n ) , T ESE ( T esti c ula r Sp e r m
Ex tr ac tio n ) , LU ST T ( Lo b u lar U nr o ll i n g
Se mi n i f er o us T ub ul e T r i mmi n g ) , u si n g
th e Op er a ti v e M icr o sco p e.( F i g.1 ) Se n si n g
T ech no lo g ie s ar e d e v elo p in g e mb ed d ed i n
th e mic r o tip s o f t h e micr o s ur gi ca l
in s tr u me n t s to i mp r o ve th e p er fo r ma nc es
o f t he mi cr o a ct u ato r s f o r feed b ac k fr o m
b io s e nso r s, us i n g ma s ter - sl a ve co n tr o l
s ys te ms.

Fi g.1
Mi cr o s ur gic al
LU ST T
fo r
se mi n i f er o u s t ub u le r etr ie va l( Co ur t es y o f
P r o f. Gi u sep p e T RI T T O, C MM B ud ap e st,
H u n gar y, EI MI , Nap le s, I tal y)

1.2 Assisted Reproductive
Technologies in Male Infertility
ART s
( As si st ed
Rep r o d u ct i ve
T ech no lo g ie s) h a ve e m p ha s ized t he r o l e
o f t he ar t i fi ci al mi cr o en v ir o n me n t s a n d
cu lt ur e med i a and o f the sp ec ia liz ed
d ev ice s
( mi cr o ma n i p ul ato r s
a nd
mi cr o i nj ecto r s) a nd p l at fo r ms ( t her ma l
gl a ss p l ate s) to p er fo r m s u cce s s f ul l I C SI
( I n tr a C yto p la s mi c Sp er m I nj ec tio n) i nto
th e o vo c yt e a nd to s ele c t mal e ga me te s a t
hi g h ma g n i f ica tio n wi t h t he MS OME o r
SI CSI
te c h niq ue s
fo r
I MSI
( I n tr ac yt o p l as mic
Ma g ni f ied
Sp er m
I nj ec tio n)
( Fi g.2
A
a nd
B)
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and t he n to i nj ect wit h a gl a ss mi cr o
p ip et te o n a mi cr o ma n ip u la to r i nto t he
o vo c yt e.( F i g.3 B )

2. The Biological Scale
2.1 Cell Scale: The Gametes as
biological Micro-Nano Systems

Fi g.2 A a nd B ( M icr o sco p ic set - up fo r
MS OME - Mo t il e S p er m Or g a nel la r
Mo r p ho lo g y E xa mi n at io n wi t h a fo c us o n
th e mi cr o i nj ec tio n p la te . Co ur te s y o f t h e
I VF Lab o r a to r y, EI MI , C li ni c Ce nt er
Her a, Nap le s, I ta l y)
T he l ar ge d i f f er e nc e i n th e sc ale b e t we e n
ma le a nd f e ma le g a me te s i s il l u str ated
d ur i n g t he p r o ced ur e to p ic k - up a si n g le
sp er ma to zo o n ( F i g.3 A)

T he male sp er ma to zo o n is a mo ti le ce l l
wi t h a h ead b et wee n 4 .7 5 ±0 .2 8 µ m i n
le n gt h a nd 3 .2 8 ±0 .2 0 µ m i n wid t h, wi t h
a le n g t h o f t he ta il o f 5 0 ±4 µ m.
T he o vo c yt e i s a r o u n d no t mo t ile ce l l
wi t h a l ar ge c yto p la s m and a d ia met er o f
1 2 0 µ m a t f ul l ma t ur a tio n, e ve n i f t he
u n st i mu l at ed h u ma n o o c yte ap p ear s to
ha v e a d i f fer e nt si ze -d e p end e nt ab i li t y to
r es u me me io si s a nd co mp let e ma t ur a tio n
i f t h e d i me n sio n al r a n g e i s b et wee n 8 6 1 0 5 µ m o r 1 0 6 -1 2 5 µ m.
T hes e d i f f er e nc es b et we e n ma le a nd
fe mal e g a me te s r ep r e se nt a b i g ch al le n ge
fo r mi cr o sca le ma n ip ul at io n i n vi tr o ,
b eca u se t he d i me n s io n o f t he o p er a tio n a l
sp ac e ( t he d i me n s io na l sp ac e) to p er fo r m
inj e ct io n o f t h e mal e ga me te i n to t he
fe mal e ga me t e i s co n d itio n ed b y t he
b io lo gi ca l r a n ge ; t h e se co nd f ac to r i s t h e
ne ed
to
o p er ate
in
mi cr o f l uid i c
co nd it io n s, wh er e b io p h ys i cal p ar a me ter s
exp r e ss d i f f er e n t va l u es o r u ne sp ect ed
b eh a vio r s l i n ked to t h e sca le : i t i s cr u ci al
to o t h e d es i g n a nd t he s ele ct io n o f t h e
mi cr o to o l s a nd o f t h e mi cr o e n v ir o me n t s
to h a nd le t he d i f f er e nt t yp e s o f ce ll s a nd
th e i nj e ct io n p r o c ed ur e s .
I t i s no t a ca se t ha t d i f fer e n t so l ut io ns
ar e c ur r e n tl y u nd er i n ve st i ga tio n to se lec t
sp er ma to zo a, to ha nd le o vo c yt e s e tc.

2.2 The Human Spermatozoon:
The Morphology Key Parameters
Gr ea t at te nt io n h as b e en q uo t ed to t h e
se lec tio n o f h u ma n sp er ma to zo a fo r I CSI ,
b ased o n t he cr i ter i a o f f as t a nd
p r o gr es s i ve mo t il it y a n d o n t he so -ca ll ed
mo r p ho lo gi cal
st r ic t
cr it er ia ,
using
co mp u ter iz ed i ma g es an al yz er s a nd a
d ef i ni tio n
of
t he
in ter var iab il it y
me a s ur e me n t s
a mo n g
o p er a to r s
a nd
au to ma ti c r ead i n gs. At th e p r es e nt t i me
co mp ar a ti v e
st ud ie s
us i n g
d i f f er e n t
sco r es : Kr u g er , MS O ME, W H O str ic t
cr it er i a, ar e i n e v al ua tio n fo r cl i ni ca l
p er sp ect i ve s.
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th e mal e g a me te to f er ti li ze a ma t ur e
o vo c yt e.

3. The Micro-Nano Device
3.1
MicroLabs
Manipulations

for

Cell

T he Co n cep t a nd t h e De si g n o f a
Micr o Lab fo r Ce ll M an ip ul at io n mu s t
sa ti s f y d i f f er e nt mi o en g i nee r i n g a nd
b io mi me t ic p r i nc ip l es and r eq u ir e me n t s
[ 1 ] ,[ 2 ] :
. mi n ia t ur i zat io n fr o m mi cr o j u st to t he
cel l sca le d i me n sio n
. micr o p la t fo r ms a nd h o ld er s co mp at ib le
wi t h
o p tic
range
vi sio n
fo r
mi cr o ma n ip u lat io n a nd fo r hi g h ( d i g it al )
i ma ge a mp l i f ica tio n a nd cel l b io met r y
. cel l so r ti n g t ec h n iq u es a nd sel ec tio n
cel l b io me tr y Mi cr o fl u i d ic Fi lter f o r Cel l
Sep ar at io n
T he go a l i s to r ea li ze a n i nte gr at ed
Micr o Lab
- wi t h mu l ti -d i me n s io nal gr id s
- fo r a u to ma tic p r o c es si n g a n d
mi cr o r o b o tic ma n ip ula ti o n
- co mb i ned wit h a mi cr o r o b o ti c
wo r ki n g s tat io n

3.2 Potential Applications
- Sp er ma to ge n ic c el l ma n ip ul at io n i n
Fer ti li t y c li n ic s
- St e m c el l har v es ti n g fr o m b io p sie s
- C ell mo ni to r i n g i n v i v o
- Ce ll tr ap p i n g a nd m o ni to r i n g fo r l i f e
sc ie nc e r e se ar c h

4 MicroLab for Human
Sperm
A sp e cia l M icr o Lab f o r h u ma n sp er m
ma n ip ul at io n h as b e e n d es i g ned , b a sed o n
mi cr o f l uid ic s
a nd
on
mi cr o na no f ab r i cat io n
a nd
b io co mp a tib l e
ma n u f ac t ur i n g to me a s u r e t he q u al it y o f
sp er ma to zo a at sp er mi a tio n a nd i nto t h e
ej acu la te.

4.1 Quality Assessment of Human
spermatozoa in the Testis and
Epididymis and into the Ejaculate
Q ual it y a s se s s me n t o f s p er mato zo a a t t he
sp er mi a tio n a nd q ua li t y as s es me n t o f
sp er ma to zo a a f ter t h e p a s sa ge t hr o u g h t h e
sp er ma t ic e xcr eto r y wa y i n t he h u ma n
sp er ma to ge n et ic p r o c es s ar e f u nd a me n tal
p ar a me ter s to e va l ua te th e p o te n tia l o f

Q ual it y
a ss es s me n t s
of
h u ma n
sp er ma to zo a fo r I C SI a nd I M SI b as ed o n
cr it er i a at t h e sp e r mi ati o n a nd a t t he e n d
o f t h e p as s a ge t hr o u g h t he e x cr e to r y wa y
mu s t b e a n al yz ed a nd c o mp a r ed i n ca se s
o f ma l e i n f er t il it y: mo r e t ha n 2 0 te st s ar e
co ur r e nt l y co n sid er ed to e va l uat e t h e
q ua li t y o f sp er m, u n fo r t u na te l y no o n e o f
th e m, alo n e, is cr u ci al to id e nt i f y a
no r ma l sp er m, e ve n i f t he mo r p ho lo gic a l
cr it er i a ar e a ke y p o i n t to id e nt i f y a nd to
se lec t sp er ma to zo a fo r I C SI a nd I M SI
On
t he se
b as e s
to
id e nt i f y
the
mo r p ho lo gi cal q u al it y p ar a me ter s a nd
th eir c ha n g e s d ur i n g t h e p a s sa ge t hr o u g h
is cr u cia l to e st ab l is h a co r r ect p l a n ni n g
o f sp er m r e tr i e val a nd s elec tio n fr o m t he
t wo a n ato mi ca l co mp ar t me n t s, t es ti s a nd
ep id id y mi s , o r f r o m t h e ej acu la te.[ 3 ]
I t is i mp o r ta n t to a c k no wled g e t hat no
o ne ca n id e n ti f y o n c la ss ica l, e ve n i f
so p hi s tic ated , o p tic p r o b es a no r ma l
sp er ma to zo o n — no t to d a y, a nd p r o b ab l y
no t
year s
from
to d a y.
D ur i n g sp er mio g e ne si s - sp er ma to zo a
ma t ur a tio n -, a nd t he i n t er v al b e t we e n t he
mi x t ur e o f sp er m wi t h s e mi na l fl u id s a nd
lab o r a to r y e val u at io n, mo r e t ha n 1 0 0
p r o ce ss es mu s t f u n ct io n p r o p er l y at t he
r i g ht ti me a nd p lac e. T her e f o r e, o ne
s ho uld e va l uat e mu l t i p le i nd ep e nd e nt
attr ib ut es fo r eac h sp er ma to zo o n a nd t he n
id e nt i f y
ce ll s
t hat
ar e
d et ect ab l y
ab no r mal i n o ne o r mo r e o f t ho s e
attr ib ut es t ho u g ht to b e i mp o r t a nt i n
b la st u la p r o d uc i n g sp er ma to zo a.
T hi s p r o ce s s i s t i m e- co n s u mi n g a nd
r eq u ir e s a t r e me nd o u s e xp er ti se o f t h e
b io lo gi s t wh o car r i e s o n t h e sp er m
p r o ce ss i n g a nd s ele ct io n fo r I CSI o r I M SI
p r o ced ur e.[ 4 ]

4.2 The Sperm MicroLab: new
BioConcept,
new
BioDesign
( Ce ll Sp er mLab ® i s a p r o tec ted d e s i g n a nd
d o ma i n)
A Sp er m Micr o Lab ca n p er mi t to a na l ys e
mu l t ip le p ar a me te r s i n t he sa me t i me a n d
in d i f f er e nt co nd i tio n s to fac il it at e t he
q ua li t y as se s s me n t o f si n gl e sp e r mato zo a .
T he Sp er m M icr o lab i s e mb ed d ed i nto a
mi cr o p lat e sq uar e o f 1 0 m m ( Fi g.4 A a nd
B)
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I n t h i s d es i g n, mi cr o c h a n ne l s o f d i f fer e nt
si ze s ar e u s ed b o t h a s f ilt er a nd p r o v id e r
o f s ur fa ce t e ns io n fo r ce to d r a w t h e
sa mp le t hr o u g h t he d ev ice . T h is i s
ac hie v ed t hr o u g h car e f ul co ntr o l o f t he
p r o p er ti e s o f t he s ur fa c es wh i c h co n ta ct
th e f l uid , a nd e xp lo i t in g t h e l a mi n ar
na t ur e o f mi cr o fl u id i c f lo ws . ( Fi g .6

Fi g ur e 6 . Co n fo c al i ma ge o f t h e
sep a r at io n o f a mi x ed s u sp e n sio n o f 3 µ m
( r ed ) a nd 1 0 µ m ( gr e en) mi cr o sp h er e s
u si n g
a
mi cr o - f ab r ica ted
d e vic e.
( Co ur te s y
of
the
Lab o r ato r y
of
Micr o T ec h no lo gi es
fo r
Micr o s ur ger y,
As to n U n i ver s it y, B ir mi n g ha m, U K) .
T he micr o mec h atr o n ic d evi ce ( ME MS)
ta ke s t he fo r m o f a p as si ve p la na r
mi cr o fab r ic at ed
fl u id i c
f il ter
wh i c h
e mp lo ys t he s ur f ace te ns io n o f t he
wo r ki n g f l uid i n o r d er to d r i ve t h e
sa mp le t hr o u g h t he d e vi ce. T h e d e vic e
sca le me a n s t h at fo r ce s wh i c h no r ma l l y
p r ev e nt f l uid f lo w ar e u sed to ac ti v el y
d r a w t he sa mp le t hr o u g h t h e f il te r
ele me n t s wi t ho ut t h e ne ed fo r e xt er na l
en er g y so ur ce s. T h is i s ac hie v ed t hr o u g h
car e f u l co ntr o l o f t he p r o p er ti e s o f t he
s ur fa ce s wh i c h co nta c t t he fl u id , a nd
exp lo i ti n g t he la mi nar n at ur e o f mi cr o
f l uid ic
flo ws .
( Fi g.5 )

5 Concluding Remarks
T he ne w b io co n cep t an d the i n n o vat i v e
b io d e si g n o f t h e Sp er m Micr o Lab o f f er s a
u ni q ue p o t e nt ial d e vi ce co mb i n i n g mi cr o
and
na no
c har a c ter i s tic s
wi t h
b io co mp a tib le co mp o n en t s fo r q ua li t y
as se s s me n t o f h u ma n s p er m i n v it r o fo r
ad v a nced I V F p r o c ed ur e s.
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Parallel Hybrid Genetic Algorithm based Dynamic Load-Balancing
for Mining of Molecular Fragments
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Abstract— Recent researches show a tremendous potential
of applying in silico methods to the drug discovery processes
via Virtual High-Throughput Screening (vHTS). The purpose
of vHTS is to employ intensive mining techniques to test
and analyze large libraries of chemicals or molecules to
find regularities or patterns, such as molecular features that
restrain a desired reaction, common substructures responsible for a protein binding etc. among specific classes of
molecules in a relatively short period of time. The problem
of such pattern mining is characterized by a highly irregular
search space in which a reliable estimation of workloads is
hard due to its dynamic nature, such as arrivals of new
tasks at unpredictable intervals, breakdowns of processingunits, cancelations of tasks etc. Computational complexity
of exploring such a search space for a large dataset renders
sequential algorithms useless. This paper presents a Parallel Hybrid Genetic Algorithm to address the problem of
dynamic load-balancing to explore highly irregular search
spaces. Basic Genetic Algorithm is hybridized based on local
and problem-specific knowledge and reasoning. Two major
design goals are considered: 1) Optimize solution quality,
2) Improve convergence speed. An efficient local search is
integrated with Hybrid Genetic Algorithm to optimize the
quality of solution produced by global search. Then Hybrid
Genetic Algorithm is parallelized to improve the convergence
speed. Experimental results on AIDS screening data set of
the National Cancer Institute validate the purpose of the
proposed algorithms. The performance of the proposed approaches are also compared to that of a Canonical Genetic
Algorithm solving the same problem.
Keywords: Parallel Hybrid Genetic Algorithm, Mining of Molecular Fragments, Dynamic Load-Balancing;

1. Introduction
Drug discovery and development is an intense, tedious
and resource-expensive endeavor. Despite advances in technology and understanding of chemical and biological systems, one marketable drug emerges from approximately one
million screened compounds. This leads to the pressure to
test and analyze larger libraries in order to continue the
pipeline. Although most processes of drug research relies

predominantly on experimental work in the laboratory, computational power can improve effectiveness and efficiency
of drug discovery and development process, decrease use
of animals, and increase predictability. More specifically,
virtual high-throughput screening (vHTS) is one of the few
techniques that have the potential to improve drug discovery
and development significantly.
vHTS usually uses a brute-force approach to collect a
large amount of experimental data in a relatively short time
[4]. vHTS usually requires multiple processors for analyzing
a large database. This kind of analyzing (by brute-force
searching or mining protocols) typically applies pruningbased or branch-and-bound type techniques to explore and
exploit the search spaces. Due to the irregular and dynamic
nature of exploration and exploitation, workloads can not
be predicted in advance. To utilize the capabilities of the
processors optimally, the primary job is partitioned into multiple tasks and tasks are distributed evenly among processors.
The situation gets complicated when new tasks arrive to
exploration of a subspace, current tasks migrate or terminate
due to pruning of a subspace. In such cases, some processors
can become overloaded while others remain idle or lightly
loaded. Therefore, the main objective of load-balancing is to
develop load assignment algorithms to transfer or migrate
tasks from heavily to lightly loaded processors so that no
processors are idle while there are other tasks waiting to
be processed. However, problem of dynamic load-balancing
is a generalization of classical load-balancing problem and
is NP-hard. Hence, no efficient algorithm exists to achieve
optimal assignments of dynamic loads.
In this paper, a Parallel Hybrid Genetic Algorithm
(PHGA) is presented to address the problem of dynamic
load-balancing to explore and exploit highly irregular search
spaces generated by mining-based vHTS. Evaluation strategies of HGA are designed based on problem dependent
reasoning and conviction. We consider two major design
goals: 1) Optimize solution quality, 2) Improve convergence
speed. A local search is integrated with HGA to optimize
the solution quality, and HGA is parallelized to improve the
convergence speed. Local search and evolutionary strategies
are kept simple to maintain low computational complexity. We present extensive simulation results that validate
the purpose of the proposed algorithms. We also compare
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the performance of the proposed approaches to that of a
canonical Genetic Algorithm proposed in [19]. In both cases,
experimental results corroborate the design goals.
The rest of the paper is organized as follows. Next
Section identifies the problem. Related works are presented
in Section 3. System model is defined in Section 4. Proposed
algorithms are presented in Section 5. Section 6 reports the
simulation results. And Section 7 concludes this paper.

2. Problem Identification
Most of data analyzing schemes developed for vHTS use
either descriptor-based similarity measure [5], [24], [27] or
graph-based mining [2]. Since graph-based mining technique is substantially faster than descriptor-based similarity
measure, we consider a graph-based mining of molecular
fragments proposed in [2]. This method finds molecular
fragments to discriminate between different classes of activity in a drug discovery context. It generates fragments by
embedding them in all appropriate molecules in parallel and
prunes the search tree based on a local order of the atoms
and bonds. Here problem is modeled using attribute graphs:
each vertex represents a molecular fragment and carries an
embedding list that indicates the number of embeddings (of
the fragment) per molecule. Each edge represents the bond
between fragments and carries an attribute that indicates the
bond type (single, double, triple, or aromatic).
Discriminative molecular fragments are, in fact, subgraphs
that are frequent in a predefined subset of molecules and
infrequent in the complement of this subset, i.e. these
fragments have a certain minimum support (minSupp) in
a given set of graphs and a maximum support (maxSupp)
in the complement. Such graph-based mining explores and
exploits a highly irregular and large search tree which is
computationally expensive. Such computational workload
may be distributed evenly among multiple processors. However, due to irregular and dynamic nature of this search
space, reliable workload can not be known in advance.
Hence distribution of unknown computational load evenly
among multiple processors is deceptive. We aim to balance
the distribution of such computational load among multiple
processors.
We use the embedding list of a molecular fragment (i.e.
a vertex) to predict the computational load to mine the
subtree under this vertex. More precisely, predicted workload
of fragment is defined as the total non-zero entries in
embedding list of fragment if the fragment is qualified as
frequent. For an example, consider ten molecules and a
minSupp of 50%, i.e. a fragment must appear in at least
five of these ten molecules to be considered as frequent.
Assume that we have three fragments: C-S-P, C-S-N and CS-H with embedding lists “3214102001", “1211121002" and
“4010050060" accordingly at some level of the search tree.
By definition, predicted workloads of C-S-P, C-S-N and C-SH are 7, 8 and 0. Predicted workload of C-S-H is 0, because

it appears in four of the ten molecules. We do not consider
the sum of entries in embedding list because a fragment
having a large sum may not get qualified as frequent. Note
that predicted workload is an estimation only and it does
not represent the real load. From this point onward, we
use load, workload, predicted load and predicted workload
interchangeably.

3. Related Works
In recent years, a number of techniques have been proposed in [2], [9], [21], [30] to find frequent molecular fragments. These techniques may be categorized into two broad
groups. The first set of techniques presented in [2], [21], [30]
are all limited by the complexity of the underlying problem.
Some of these algorithms can, therefore, operate on a very
large molecular databases, but only find small fragments
[21], [30]. Whereas others can find larger fragments, but
are limited by the maximum number of molecules they can
analyze [2]. However, none of these algorithms can be used
to discover large sizes of the fragments for extremely large
data sets (millions of molecules), because sequential algorithms are limited by single processor computing resources
and are often unsuitable for extremely large data sets and
an unlimited size of the fragments that can be discovered.
Sequential algorithms have limited practical utility due to
their poor scalability in terms of data size and dimensionality, relatively inferior quality of the results (wider range
for the user parameters), and slow execution time. Hence,
parallel approaches to solve such a problem are a promising
alternative to the sequential algorithms. Compared to a
data-parallel strategy, a task-parallel strategy, based on the
partitioning of the search space can effectively cope with
low minimum support values and a large maximum size
of fragments [9]. We now present a more comprehensive
discussion of the aforementioned approaches.
A distributed approach for the frequent subgraph mining
(FSM) problem is developed in [9], [22] based on the sequential algorithm described in [2]. The algorithm organizes
the space of all possible fragments in a depth-first search
tree. For details, we refer to [2]. Due to computational
complexity of the large amount of data to be explored
and mined, a distributed approach is also proposed in [9]
to discover interesting patterns in molecular compounds.
A dynamic partitioning of the search space, a distribution
process based on a peer-to-peer communication framework,
and a receiver initiated load balancing algorithm are described. But computational and communication complexities
of the proposed schemes make this practically difficult to
implement. In contrast, a simple canonical GA is proposed
in [19] to solve the similar problem. However, design of this
GA lacks domain knowledge in the sense that GA operators
are blind. Though use of blind recombination operators can
be justified on the grounds of not introducing excessive bias
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in the search algorithm, thus preventing extremely fast convergence to suboptimal solutions, this is still questionable.
Because the behavior of GA is in fact biased by the choice of
representation and the mechanics of the particular operators.
It is even better to quickly obtain a suboptimal solution and
restart the algorithm than using blind operators for a long
time in pursuit of an asymptotically optimal behavior (not
even guaranteed in most cases) [20].

4. Model and Assumptions
We consider a system as follows: given n tasks, each
having a task number and a load size, is composed of several
operations. A fixed number of tasks n′ ≤ n are processed
on m number of processors at a given time. Other (n − n′ )
tasks are placed in a waiting queue Q. Each of the n′ tasks
uses one of the m processors for a predefined duration. Each
processor can process, at most, one task at a time and once
a task is assigned to a given processor it is assumed to be
processed by that processor without interruption. The tasks
have to be processed by processors in the order they are
assigned to. We want to achieve an assignment t of these
n′ tasks to m processors such that t maximizes an objective function. This objective function is characterized by:
(1) maximum processor utilization, (2) minimum execution
time, and (3) well-balanced loads among processors. Once
these n′ tasks are assigned to m processors, the system halts
until m processors become idle. Meanwhile, new tasks arrive
dynamically (deterministically and stochastically) and are
placed into Q in the order they arrive. Thus, the assignment
of tasks continues until Q remains empty for a predefined
period.
We assume that a processor allocates its computational
power (clocks) proportional to the amount of load assigned
to it. Since load is not real, processor may fail to complete
the task. If a processor fails, it terminates the processing
and remaining portion of the load is placed into Q as a
new task. We assume that processors tolerate loads based
an adaptive threshold policy [31]. This policy is defined
by heavy and light threshold multipliers. Heavy and light
threshold multipliers are set to 0.8 and 1.2 for this work, i.e.
processors accept 20% more or less loads than its capability.
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5.1 Population
The first step in the implementation of any GA is to
generate an initial population. In most cases, the initial
population is generated randomly [29]. Since the objective
of our GA is to achieve task schedules on the fly (as soon
as a new task arrives or the running job terminates), we
consider only a fixed number of tasks known to the system
at a given time. There may be too many tasks waiting to
be assigned on the task queue at that time. Therefore, we
adopt Sliding Window [23] to pick a fixed number of tasks
at regular intervals for execution each time. Sliding window
is triggered by Non-Delay Schedule [13] of processors, i.e.
a fixed number of tasks equal to the size of the window
are picked as soon as all processors are found idle. The
window size is kept fixed, i.e. all tasks are picked at once
when number of tasks on the queue are less than or equal
to the size of the window. Permutations of these tasks form
a population of possible solutions that represent different
orders in which tasks can be scheduled for execution. When
the GA finds a task schedule, tasks are assigned to the
processors accordingly. Once tasks are assigned, the slidingwindow is updated with new tasks by sliding along to the
next set of tasks on the queue and the assignment process
is repeated.

5.2 Encoding
Since a fixed number of tasks each having a task number
and a load size, placed in a task pool (from which tasks are
assigned to processors) are considered for each execution,
decimal numbers are chosen to encode the chromosomes.
Each gene has two decimal values: first to represent the task
number and other (within bracket) to represent the size of
the task. To provide a snapshot of the problem and encoding,
we use two-dimensional chromosomes as used in [32]. First
dimension represents the numbers of the processors in the
system while the second one shows the schedule of tasks
and priorities accordingly on each individual processor (i.e.,
processor queues). Since two dimensional chromosomes are
not suitable for genetic operations, these chromosomes are
concatenated to form a one dimensional chromosome which
is considered in left to right order by sliding window.

5. Proposed Algorithms

5.3 Objective and Fitness Functions

Finding optimal solution to the problem of load-balancing
is known to be NP-hard [3]. Since dynamic load-balancing
for graph-based mining of molecular fragments is a more
general problem, finding optimal solution to this problem
is also NP-hard. However, Genetic algorithms (GA) have
been used over the last few years as a robust and easily
adaptable optimization method to solve the dynamic load
allocation, load-sharing, and load-balancing problem. This
Section shows how a genetic algorithm and its variants can
be employed to solve the dynamic load-balancing problem
for mining of molecular fragments.

Our major goal is to achieve maximum processor utilization in minimum execution time maintaining well-balance
loads among the processors. On a granular level, this goal
consists of a set of concurrent, non-linear, and conflicting
parameters that can not be treated independently. But there
are epistasis between parameters such that the combined
effects of some parameters must be considered to optimize
the goal. The first factor is the average processor utilization
which is defined by an epistasis between the task completion
time and maxspan [16]. Maxspan is the largest task completion time (so far) among all the processors in the system.
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However individual processor utilization is given by total
completion time per maxspan. Dividing the sum of all the
processor utilizations by the total number of processors gives
the Average Processor Utilization. High average processor
utilization implies that the load is well balanced across all
processors, i.e. the probability of the processors remaining
idle for a long time is decreased and the total execution time
gets reduced.
After having high average processor utilization, some
processors may still be overloaded or underloaded due to
tardiness or earliness of a task [17]. One way to address
this issue is to optimize the Number of Acceptable Processor
Queues as proposed in [31]. Each processor queue is verified
to make sure that all the tasks on the processor queues does
not overload or underload the processors. Acceptability of a
processor queue is determined by the light and heavy threshold multipliers defined in Section 4. If the task completion
time of a processor (by adding the current system load and
those contributed by the new loads) is within the light and
heavy thresholds, this processor queue will be acceptable.
Dividing the sum of all acceptable processor queues by
the total number of processors gives Average Number of
Acceptable Processor Queues (AAPQ).
The fitness function is defined by: ff¯i , where fi is the
evaluation associated with the chromosome i and f¯ is the
average evaluation of all the chromosomes in the population.
The fitness function transforms the objective function into
an allocation of reproductive opportunities [29]. From this
point onward, we use Fi to denote the fitness of i-th
chromosome.

5.4 Evolution Strategy
For simplicity of discussion, we view the execution of the
GA as a two stage process: (1) Selection, (2) Crossover and
Mutation. Selection is applied to the current population to
generate an intermediate population. Crossover and mutation
are applied to the intermediate population to create the next
population.
5.4.1 Selection
Most Common method for selection is roulette wheel,
where each chromosome is represented by a space that
proportionately corresponds to its fitness. By repeatedly
spinning the roulette wheel, chromosomes are chosen to
fill the intermediate population. With this method, there is
always a slight chance that the chromosome with a high fitness is not selected. However we choose Baker’s Stochastic
Universal Selection method [1] that uses an n-armed spinner,
each having equal space, so that one single random number
generation is enough to make n selections. To understand
the method better, assume that the population is laid out in
random order as in a pie graph, where each chromosome
is assigned a space on the pie graph in proportion to its
fitness. Next an outer roulette wheel is placed around the

pie with n equally spaced pointers. A single spin of the
roulette wheel now simultaneously picks all n chromosomes
out of the intermediate population. The resulting selection
is unbiased [1].
5.4.2 Crossover
After the selection process, the fitter chromosomes are left
in the pool. We first copy some of the best chromosomes
directly from the current population to the next, which is
called an Elitist Strategy [10]. The advantage of this strategy
is that the best solution monotonically improves from one
population to another. The potential disadvantage is that
population converges to a local minima. However, this can be
overcome by high mutation rate [13]. Then, the crossover operation is performed on pairs of chromosomes that are picked
at random from the fitter chromosomes. To ensure that each
task is only assigned once, we choose a heuristic crossover
operator, Dynastically Optimal Recombination (DOR) [6]
that uses domain knowledge to serve special purpose. This
operator explores the dynastic potential set (i.e. possible
child chromosomes) of the population being recombined
to find the best combination of parental features. DOR is
monotonic in the sense that any chromosome generated is at
least as good as the best parent chromosome. Although DOR
is computationally exponential, we can afford it by picking
l
s length of genes from each parent chromosome, where l is
the length of chromosomes.
5.4.3 Mutation
Instead of traditional gene-by-gene mutation (Swap mutation [29], Shift mutation [29] etc.) with small probability
at each generation, one or more new chromosomes of the
population are generated from the same distribution as
the original population. Since we expect a high rate of
mutation, Inversion mutation [29] is used to randomize those
chromosomes. To understand this operator, choose a segment
from a chromosome and reverse the order of the genes in
it: (Original) 015k729468k3 ⇒ (Mutated) 015k864927k3.
This type of mutation prevents premature convergence of the
population and leads to a simple statement of convergence.

5.5 Local Search
Incorporating a search method within a genetic algorithm
can improve the performance of genetic search if their roles
cooperate mutually to achieve the optimization goal. Such
genetic algorithms are referred to as Hybrid Genetic Algorithm (HGA). According to the hybrid theory [11], solving
a global optimization problem and reaching a solution of
desired quality can be attained in one of two ways: (1)
Global search method alone reaches the solution, (2) Global
search method guides the search to the basin of attraction
from where the local search method can continue to lead
to the desired solution. We prefer the later one, since this
is an opportunity to capture the best of both schemes [18].
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Fig. 1: (a) Plot of Processing Units versus Convergence Time; (b)
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Fig. 2: (a) Plot of Load Multipliers versus Convergence Speed;

Plot of Generation Cycles versus Average Processor Utilization.

(b) Plot of Processing Units versus Load Imbalance Index.

In this case, the main role of the genetic algorithm is to
explore the search space in order to either isolate the most
promising regions of the search space, or, to hit the global
optimum and the role of the local search method is to exploit
the information gathered by the global genetic algorithm [7].
However, such local search often increases the computational
cost of the overall search process. Therefore, a balance
between exploration (i.e. global search) and exploitation (i.e.
local search) is expected in designs of HGA.
To maintain a tradeoff between global and local search,
we choose a low-cost "mutation-based" local search. Despite
its apparent simplicity, such local search has revealed itself
a very powerful technique for obtaining quality solutions
for NP-hard problems [25], [8]. Our local search operator
is based on swap mutation [29] and is inspired by Gambler’s Ruin Model [14]. To understand the operation, pick
a chromosome i. Use swap mutation to choose two genes
(of this chromosome) at random and swap their values.
By Gambler’s Ruin Model, we determine the probability
P (f¯|Fi ) of reaching fitness f¯ on the condition that i-th
chromosome has fitness Fi . If P (f¯|Fi ) ≤ 0.5, swap mutation
is undone.

the Parallel HGA finds a task schedule, tasks are assigned
to the processors accordingly.

5.6 Parallelization
For parallel architecture of HGA, we assume that significant large number of processors are available to run HGA
simultaneously as long as there is no interdependency among
processing of loads, such as in case of graph mining of a
subtree can not be processed before its parent or grandparent.
In terms of initialization of population, sliding window is
triggered by Parameterized Active Schedule [12] of processors, i.e. a fixed number of tasks equal to the size of window
are picked as soon as two or more processors are found idle
for more than a predefined threshold. Parameterized Active
Schedule is reduced to Non-Delay Schedule [13] when the
predefined threshold is set to zero. The window size is still
kept fixed. Hence, all tasks are picked at once when number
of tasks waiting to be scheduled are less than or equal to the
size of the window. Then, permutations of these tasks form
a population of possible solutions that represent different
orders in which tasks can be scheduled for execution. When

5.7 Discussion
We consider two criteria for convergence or termination
of HGA or PHGA. First, we assume that HGA or PHGA
converges as soon as fitnesses of 80% chromosomes of the
population reach within 20% of average fitness. Secondly,
instead of waiting for the GA to converge, we allow HGAs
to run for a 10-15 cycles. As we are interested to spend a reasonable devotion towards genetic operations, we assume that
solutions generated in 10-15 generations are good enough.

6. Simulation Results
In this section, we present simulation results to help
a reader get a sense of how realistic the proposed loadbalancing scheme is. To evaluate the HGA based dynamic
load-balancing, we ran simulation over a well-known, publicly available data set from the National Cancer Institute, the DTP AIDS Antiviral Screen data set [15]. This
screen utilized a soluble formazan assay to measure the
protection of the human CEM cells from HIV-1 infection
[28]. Compounds able to provide at least 50% protection
to the CEM cells were retested. Compounds that provided
at least 50% protection on retest were listed as moderately
active (CM). Compounds that reproducibly provided 100%
protection were listed as confirmed active (CA). Compounds
not meeting these criteria were listed as confirmed inactive
(CI). Total 37,171 compounds out of 41,316 were used. Out
of these, a total of 325 belong to class CA, 877 are of class
CM and the remaining 35,969 are of class CI.
For mining of frequent molecular fragments, algorithm
described in [2] was adopted to explore and exploit the
large search tree of molecular database. Sulfur atom (S)
was used as a seed to the algorithm. To explore and exploit
the search tree, three dynamic load-balancing schemes were
implemented. First one is a GA proposed in [19] and others
are HGA and PHGA proposed in last Section. During the
exploration and exploitation processes, loads of molecular
fragments (vertices of the tree) were predicted by technique
described in Section 2. Sliding window was triggered by
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non-delay schedule with window size equal to the five times
of the processing units involved. A minSupp of 50% and
maxSupp of 75% were chosen to ensure that discriminative
molecular fragments are frequent in CA and CM classes and
infrequent in CI class. However, there was no assumption on
the number of tasks.
The objective of this simulation is to find the answers of
the following questions for GA, HGA and PHGA:
1) Does increment of processing units improve the speed
of the mining significantly? If yes, then how and
when? How many processing units are expected to
achieve a reasonable speed of the mining? This question is important. Because speedup of the mining with
increased number of processors reflects the efficiency
of the proposed load-balancing technique.
2) How many generations are required to maximize APU
reasonably? Though GA based researches are now
fairly matured, finding the expected number of generation cycles to maximize objectives is still unknown.
For the dataset used, we want to find a suitable number
of generation cycles instead of random guess.
3) What is the impact of unbalanced load on processors?
Does this improve convergence speed? By tuning
heavy and light and threshold multipliers, we want
to observe the load tolerance limit of the processors
running HGA based dynamic load-balancing scheme.
4) Is the performance of the dynamic load-balancing
mechanism acceptable? If yes, in what degree compared to other known mechanisms?
We address the questions one by one in the following:
At first, convergence speeds of GA, HGA and PHGA
were tested with respect to number of processing units. For
this experimentation, system configuration was as follows:
Number of Processors = 5, 10, 15, 20, Heavy Threshold
Multiplier = 1.2, and Light Threshold multiplier = 0.8.
A plot of Processing Units versus Convergence Time
is presented in Figure 1(a). It shows that requirement of
processing units required by HGA is less than that by GA.
While this requirement is significantly low in case of PHGA.
The slopes of the requirement curves for GA and HGA are
declining sharply until 10th processing unit is involved while
in case of PHGA, the slope is declining sharply until 15th
processing unit is involved. In case of GA and HGA, the
requirement curves are declining almost at same rate up
to 20th processing unit is used while in case of PGA, the
requirement curve is pretty horizontal after 15th processor
is used. Based on the behavior of the requirement curves, it
is clear that (1) PHGA converges much earlier than HGA,
(2) HGA converges earlier than GA, and (3) number of
processors required for PHGA to converge is much less than
that for HGA and GA. At that same time, it is also true that
PHGA did not achieve the performance in the degree of
parallelization it involved. However, this is fair in the sense
that most of time, PHGA started the genetic search with as

less as two processing units. The first question is answered
by this discussion.
Secondly, utilizations of processors by GA, HGA and
PHGA were tested with respect to generation cycles. This
time, system was configured as follows: Number of Processors = 20, Number of Generation Cycles = 10, 20, 30, 40,
50, Heavy Threshold Multiplier = 1.2, and Light Threshold
multiplier = 0.8.
In Figure 1(b), a plot of Number of Generation versus
Average Processor Utilization is presented. Curve of GA is
linearly increasing almost at same rate for all generations.
Curves of HGA and PHGA are increasing sharply up to 40th
and 30th generation accordingly. Observations from the behaviors of the curves are: GA requires more generations than
HGA and HGA needs more than PHGA for convergence.
Behavioral difference between GA and HGA is expected
in the sense that HGA employs heuristic crossover and
local search to improve the solution quality and convergence
speed. From the curves of HGA and PHGA, it is clear that
though PHGA needs less number of generation cycles to
achieve its best in terms of average processor utilization,
quality of solution PHGA achieves is similar to that of HGA,
while quality of solution is significantly better in case of
HGA than GA. Now readers can understand the purpose of
the second question.
Third simulation is performed to compare the convergence
speeds of GA, HGA and PHGA running on 20 Processors
by fluctuating the heavy and light threshold multipliers.
Figure 2(a) shows that curves of GA and HGA is sharply
decreasing when 10-40% unbalanced loads are allowed.
Of course, converge speed of HGA is better than that of
GA at every arrangements of unbalanced loads. Impact of
unbalanced load on GA and HA is unnoticeable if we allow
unbalanced loads of more than 40%. PHGA converges much
earlier than HGA and GA. Its behavior is also stable for all
arrangements of unbalanced loads, i.e. impact of unbalanced
loads is negligible in case of PHGA. Obvious reason of this
kind of stability may be its parallelism. Hence it is evident
that PHGA is more load tolerant than HGA and GA. This
essentially gives the answer of the third question.
To provide the answer of the last question, last simulation
was performed with the following configuration: Number of
Processors = 5, 10, 15, 20, Heavy Threshold Multiplier = 1.4,
and Light Threshold multiplier = 0.6. We adopted Relative
Load Imbalance Index [26] to quantify the performance of
PHGA, HGA, and GA. Relative Load Imbalance Index (LI)
provides a measure of load imbalance defined by:
LI = f (w1 , w2 , w3 , ..., wN ) = 1 −

w1 + w2 + w3 + ... + wN
N.max(w1 , w2 , w3 , ..., wN )

where wi is the size of loads assigned to processor i. The index

is continuous and bounded in the range [0, 1], where a
lower value means better load-balancing. From the graphs in
Figure 2(b), it is clear that PHGA confirms its superiority and
GA is worse than others. Performance of PHGA is decreased
when 15 or more processors are involved. Performance of
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HGA and GA decreases linearly maintaining a constant gap
in between. Decrement rate of HGA and GA gets increased
for 15 or more processors. Behavior of all three curves
demonstrate almost the same degree of load tolerance shown
in Figure 2(a). Otherwise, all the performances would have
been much worse.

7. Conclusion
Genetic algorithms are presented for dynamic load-balancing required in graph mining-based vHTS of discriminative
molecular fragments. Selection of problem specific genetic
operators, low-cost local search, low computational complexity, and efficient design such as use of local knowledge,
balance between exploration and exploitation, tradeoff between search quality and time complexity makes HGA a
better choice for dynamic load-balancing of mining-based
vHTS. In addition, extensive simulation results supporting
PHGA over HGA and GA makes a good case for implementing PHGA in large-scale, heterogeneous in silico highthroughput screening facilities.
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Abstract
In this paper, we present a new formulation of active
contours based on statistical shape priors in graph cut
framework. The novel active contours model combines
boundary, region and shape descriptors to confine
structure in presence of occlusions and cluttered
background. The priori shape descriptor is based on
statistical learning of the training shape as a distribution
and estimated by a Gaussian Mixture Model (GMM). The
estimated probability is treated as Kernel Principal
Component Analysis (KPC) by allowing the shapes closely
related to the shape descriptor in more robust manner to
active contours model. The proposed active contours
model relaxes the homogeneity constraint that assumes
that the image is modeled by a piece-wise constant
approximation. The main contribution of this paper deals
with graph cut optimization for the energy function.
Hence, the resultant approach is a fully automatic and
faster shape based segmentation approach that is
insensitive to initialization. The proposed method is
compared to traditional active contours in terms of
accuracy on challenging images.

cases, segmentation based on information from the image
alone do not lead to a correct segmentation.
work well and additional constraints are necessary. Many
segmentation algorithms incorporating statistical shape
information obtained from a training dataset of segmented
images have been studied. In [10, 5], variational level setbased approaches were proposed. In [12, 7, 8], signed
distance maps embedded as zero level set functions were
used to represent the statistical shape information.
Training statistical priors can be time-consuming and
obtaining training data can be highly difficult. Since many
structures in MR images are the same to the basic
geometric shapes, it may suffice to use geometric shape
priors without statistical training as constraints for their
segmentation. Graph cuts-based segmentation methods
have become popular because they allow for globally

Index Terms —active contour model, graph cut,
shape priors, GMM, Kernel PCA.

optimal efficient solutions in an N-dimensional setting

1

produce an accurate segmentation for images with weak

Introduction

[2,18,19,20]. Despite its advantages, graph cuts cannot

Automatic segmentation of Medical images present many

contrast at desired boundaries and/or strong contrast at

challenges when a priors are unknown. For example,

undesired boundaries. There have been recent attempts to

desired boundaries can have poor contrast due to the

add a shape prior to the graph cuts segmentation

overlap in intensity ranges for multiple tissues and strong

technique. In [11], the authors proposed to use usage of an

contours may exist where boundaries are not desired,

elliptical prior. Freedman et al. presented in [6] a method

because multiple tissues with very different intensity

that uses a fixed shape template aligned with the image by

ranges may be present within the same structure. In these

the user input. In this paper, we propose a novel
segmentation method that incorporates geometric shape
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priors, which do not require statistical training, with the
graph

cuts

technique

for

robust

and

efficient

835

E ( A) = ∑ Rp ( a p ) + λ
p∈I

∑

( p , q )∈N

B p, q

(1)

a p ≠ aq

segmentations of MR images. We introduce novel terms
accounting for shape prior/segmentation and shape
prior/image fit to the graph cuts representation. One of the
major differences between our method and the method in
[11] is that the shape in [11] is estimated using the
segmentation from the previous step alone whereas we
estimate the shape priors using both the segmentation
from the previous step and information from the image.

where I represents all image pixels,

N all unordered

neighbourhood pixel pairs. To construct the graph
representing this energy, each pixel is considered as a
graph node in addition to two nodes representing object
and background. The data dependent term is realized by
connecting each pixel to both the object and background
nodes with non-negative edge weights

R p ( O ) and

Therefore, an initial bad segmentation may produce a

R p ( B ) representing

vicious cycle of inaccurate shape priors and segmentations

background region presence at pixel p . Lastly, the

for the method in [11], while it would not for our
proposed method. In section 2, we introduce our novel
objective function and its optimization. We demonstrate
the performances of our segmentation method on some

the

likelihood

of

object

and

smoothness term is realized by connecting each pairwise
combination of neighboring pixels

( p, q ) with

a non-

negative edge weight determined by a penalty for

MR images using elliptical shape priors and on left

boundary discontinuity, B( p , q ) . Notice that, since the min-

ventricle segmentation using concentric circles as shape

cut sums only along the boundary, the boundary condition

prior in section 3.

of a p ≠ aq in Eq. 1 may be ignored and every pair of

2
2.1

neighboring pixels may be connected

Segmentation Method

weight B( p , q ) . The min-cut of the weighted graph

Graph cuts

Taking advantage of efficient algorithms for global mincut

solutions,

we

with edge

cast

the

energy-based

image

segmentation problem in a graph structure of which the

represents the segmentation that best separates the object
from its background. For more details can be found in
[1,2]. Typical applications of graph cuts to image

min-cut corresponds to a globally optimal segmentation.

segmentation differ only in the definitions of R p and B( p , q ) .

Evaluated

pixel

For example, in [1] the negative log-likelihood of a pixel’s

assignment A = {a p : a p ∈ {O, B} , p ∈ I } , such energies

fit into user-initialized intensity histograms is used in the

for

an

object/background

are designed as a data dependent term and a smoothness
term. The data dependent term evaluates the penalty for
assigning a particular pixel to a given region. The
smoothness term evaluates the penalty for assigning two
neighboring pixels to different regions, i.e. a boundary
discontinuity. These two terms are thought of as a regionbased term and a boundary term, often weighted
by 0 < λ < 1 for relative influence:

regional term while intensity contrast is used in the
boundary term:



1

R p ( O ) = log 
p I O 
p



(2)



1

R p ( B ) = log 
p I B 
p



(3)

(

(

)

)
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B( p , q )

 I −I
p
q
= exp  −
2

2σ


2


1

 dist ( p, q )


2.3
(4)

where σ is a user-defined parameter and dist ( p, q ) is the
Euclidean pixel distance for normalizing among edges of
different length.

2.2

Learning prior shapes

We model the contrast in the image as Gaussian mixture
model (GMM) [12] using one Gaussian for the object
and D Gaussians for the background. GMM has been
applied previously to graph cuts segmentation in [13].
Traditionally, the parameter for the GMM are defined as a

Implicit representation of prior shapes

set of θ = {µ d , Σ d , π d , d ∈ [ 0,..., D ]} where µd , Σ d , π d are

To represent the prior shape we follow [2,17], statistical

respectively the mean, variance, and prior probability of

shape information of the desired object is represented

Gaussian d with d = 0 being for the object (O) and

implicitly

using

the

mean

shape

U and

K eigenshapes U K obtained through Kernel PCA analysis
of a set of aligned training shapes. New shapes U can

d ∈ ]0,..., D ] for

O

U = U + ∑ wkU k

where w = {w1 ,..., wK } are the weights for the eigenshapes
each w represents a

different shape.

transformation T = {T0 ,..., TS } describing

translation and scaling is necessary to align the prior shape
with the shape to be segmented. T maps a point ( x, y ) to
point ( xˆ , yˆ ) according to:

The

prior

d

= 1 and

D

∑π
d =0

d

= 1.

Now, we can define background parameter as:

  bO 
 bO  
b =   1B  ,...,  NB  
 b

 bN  
 1 

A rigid
rotation,

∑π
d =0

(5)

k =1

(B).

object to be segmented and others to the background.
Where we have

K

background

probabilities add up to be 1 for Gaussians belonging to the

then be represented as:

and

the

(10)

where b1O ∈ {0} and b1B ∈ {1,..., D} that assigns each pixel
to one Gaussian belonging to the object and one to the
background. The probably for a pixel with intensity I n to
belong to the d − th Gaussian given the GMM parameters

( xˆ, yˆ ,1) = Txy (α ) S xy ( β ) Rx ( ρ x ) Rxy ( ρ )( x, y,1)

(6)

is π d . We can introduce this Gaussain probability in this
context as:

where:

1 0 αx 


Txy (α ) =  0 1 α y 
0 0 1 



(7)

 βx

S xy ( β ) =  0
0


(8)

βy
0

the transformation as U , U and U

K*

.

framework.

2.4
(9)

We denote the shape prior, the mean and eigenshapes after
*

(11)

in the next section the segmentation model in graph cut

 cos ( ρ x ) − sin ( ρ y ) 0 


Rxy ( ρ ) =  sin ( ρ x ) cos ( ρ y ) 0 



0
0
1



*






Since the prior probability is defined, we can now define

0

0
1 

0

P ( I n µd , Σ d ) =

 ( I n − µd )2
exp 
 2πΣ d2
2πΣ d2


1

Segmentation model

For image in an array form I = ( I1 ,..., I N ) with N pixels
and shape prior of the object to be segmented, we wish to
first identify the transformation parameters ( ω, T ) of the
shape that best matches the object in the image and
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secondly to segment the image into object noted denoted

A penalty is applied for pixels classified differently by the

O and background denoted B.

segmentation and the shape prior through (16) and by

We assign a label f n to each pixel, where f n ∈ {O, B} . Our

adding this term. This term allows the shape prior energy

segmentations

are

represented

as

label

configurations lab = ( f1 ,..., f N ) . The segmentation and
shape fitting problems are inter-related and we solve them
iteratively. For that we incorporated the shape prior to
bothly

help

the

segmentation

and

compute

the

transformation parameters. The energy in (12) of our
model can be defined to guide both the image
segmentation and shape prior calculation:

E ( lab,θ , ω, T , f , b ) = ED ( lab,θ , f , b ) + EN ( lab, f

+ E p ( f , ω, T ) + Es ( ω, T , lab )

)

term to interact with the other energy terms. The last term
measures how well the shape prior itself fits with the
image through maximizing distance between the intensity
distributions inside and outside the shape prior. This term
can be written as kullback leibler distance based enregy:

 p (i ) 
Eshape ( w, T, I ) = ∑ { pin ( i ) − pout ( i )} log  in

i
 pout ( i ) 

(18)

where pin ( i ) ) and pout ( i ) are respectively the probability
for a pixel with a contrast i inside and outside the shape

(12)
prior.

pin ( i ) and pout ( i ) are calculated as, in similar

The energy model can be split in four terms. The first term

manner as in [ ]. We use the same formulation of the

measures how well the pixel labels and the GMM

distribution in our work where the distributions are

parameters fit the image given its contrasts and can be

computed as:


Nin ( i )
 pin ( i ) =
Ain


 p i = N out ( i )
 out ( )
Aout


expressed as:

ED ( lab, θ , f , b ) = −∑ ED ( I n ,θ , f n , bn )
n



1
= ∑ log 



n
 p ( I n , bn = d θ ) 
Where:
O
b
bn =  nB
bn

(13)

where N in ( i ) ) and Ain are the number of pixels with
contrast i and Ain is the area inside shape prior, and

( fn = O )
( fn = B )

(14)

The second term measures the smoothness of the label
configuration and follows the traditional graph cuts
formulation, for more details see []:
1
(15)
EN ( lab, f ) =
2
∑
f n ≠ f m , n , m∈C

(19)

−

( In − I m )

1+ e κ
where n, m ∈ C denotes that pixels n and m are neighbors.
The third energy term help to fit the current shape prior
and the current segmented objet and can be written as:

E p ( f , w, T ) = ∑ M n − U

* 2
n

This two terms can be calculated as :


Ain = ∑ H ( −U n* )

n

A
=
H (U n* )
∑
out


n

*
N
i
=
H
 out ( ) ∑ ( −U n ) δ ( I n − i )
n

 N (i ) = H U * δ ( I − i )
∑n ( n ) n
 in

(20)

Where H ( ⋅) is the Heaviside function and δ ( ⋅) delta
(16)

n

and

 c fn = B
Mn = 
 −c f n = O
where c is a threshold contrast fixed by a user.

N out ( i ) and Aout are those for outside the shape prior.

function.
By adding the last term in equation (12), we prevent an

(17)

initial inaccurate segmentation from producing inaccurate
shape priors.
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Energy Minimization
mentioned

above,

we

use

an

Expectation

∂ES
1
1 ∂N S ( i )
= −∑
QS −
∂wk
AS
ANS ∂wk
i

Maximization (EM) [14] style approach to minimize the

+∑

energy function presented in equation (9) and alternately
update the GMM and shape parameters while fixing the

i

where:

the shape prior to facilitate the image segmentation
(expectation step).

Maximization Step

We start by assigning two Gaussians to each pixel, one
which minimizes the first term in equation (12) when the
voxel belongs to the object and one when the voxel
belongs to the background. Differentiating equation 10
w.r.t. µd , we get:

∂E p ( I,θ , f , b )



1
log 
=0
 p ( I n µd , Σ d ) 
∂µd
bn = d
d


giving us the update equation:
∑ In
=

∂

∑ ∂µ

µd =

bn = d

∑1

QS −

2
ANS

QNS

∂AS ( i )
∂wk

and:
∂AS
= −∑ δ ( −U n* ) U nk *
∂wk
n

∂N S ( i )

2.7

(28)

k*
n

(22)
for Σ d and π d are

(23)

Expectation Step

We follow the graph cuts framework for segmentation and
create a graph with nodes corresponding to voxels and two
additional terminal nodes representing the object and the
background. The first and third terms in our energy
function are applied to the graph as t-links. The second
term is added as n-links between neighboring nodes. We
use the max-flow [9] algorithm to find the minimum cut
on this graph.
Expectation Step
Find segmentation using min-cuts:

fˆ = min ( E ( I,θ , f , w , b ) )
f

Minimization Step
Assign two Gaussian to each voxel:

bˆnO = arg min ( ED ( I n , θ , f , O, b n ) )
bˆnB = arg min ( ED ( I n , θ , f , B, b n ) )

We use a gradient descent optimization to update the
shape parameters. The update equation for w is:
(24)

where ∆t is the step size for the gradient descent
optimization and w t +1 and w t are the weights at time t
and t + 1 respectively. ∇ w E p is calculated by differentiating
13:

∇

∂E p
∂wk

= ∑ 2 (U n* − M n ) U nk *
n

∇ w Es is calculated by differentiating 14:

(27)

= −∑ δ ( −U ) U δ ( I n − i )
∂wk
n
The alignment parameters T can be updated in a similar
manner
*
n

bnO

w t +1 = w t − ∆t ( ∇ w E p + ∇ w ES )

(26)

(21)

bn = d

Similarly, the update equations
respectively:
2

I n − µd
∑

b =d
Σd = n

∑1

bn = d


 ∑1

∑1
π =  bn = d , d = 0, bn = d , d ≥ 1
 d  ∑1
∑1


bn = d


AS2

N NS ( i )

 N (i ) 
+ 1
QS = log  S
 AS

 N NS ( i ) 
+ 1
QNS = log 
 ANS


segmentation (maximization step) and use the GMMs and

2.6

NS (i )

(25)

bnB

Learn Gaussian mixture model parameters:

∑I

µd =

bn = d

∑

n

∑1

, Σd =

bn = d

bn = d

I n − µd

2

∑1

bn = d

 ∑1
 bn = d
 1 d =0
∑
 O
πd = 
1
 b∑
=d
 nD
d ≥1
 1
 ∑
1
Update shape parameters through gradient descent:
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w t +1 = w t − ∆t ( ∇ w E p + ∇ w Es )

Tt +1 = Tt − ∆t ( ∇ T E p + ∇ T Es )

3

Experimental Results
(a) Original MR images

A. Test Dataset
Data were acquired from cardiac MRI examinations
previously performed on 38 patients (15 males, mean age:
52.4 years ±15.1 standard deviation). The most common
clinical indications for referral of cardiac MRI were
assessment of presence or pattern of myocardial scar. Cine
steady-state free-precession (SSFP) scans were performed
using a GE Signa 1.5 T scanner, imaging parameters TR
3.3–4.5 ms, TE 1.1–2.0 ms, flip angle 55–60, matrix size
192 × 192 – 256 × 256, image dimensions 256 × 256,
receiver bandwidth 125 kHz, field of view (FOV) 290–
400 × 240 –360, slice thickness and slice gap 6–8 mm and
2–4 mm, respectively (total 10 mm). The LV in each
patient was imaged in 6 to 10 slices, 20–28 cardiac
phases. A total of 339 images from 38 patients were
segmented by our proposed method, with results
compared to both manual tracing [2], [3]. Manual tracing
was performed by an experienced physician with PTMs
excluded from the blood volume. PTMs were defined as
myocardium protruding>1.5mmfrom the circumferential
contour of the LV cavity, with equivalent signal intensity
to the adjacent LV wall.

(b)Segmented results in diastolic phase: (green) left ventricles, (red)
myocardiums,

(c) Left ventricles and myocardiums by manual tracing.

(a) Original MR images

(a) Original MR images

(b)Segmented results in diastolic phase: (green) left ventricles, (red)
myocardiums,

(b)Segmented results in diastolic phase: (green) left ventricles, (red)
myocardiums,

(c) Left ventricles and myocardiums by manual tracing.

Fig. 1 Left Ventricle Segmentation based Graph cuts and
prior circoncentric shape.

(c) Left ventricles and myocardiums by manual tracing.

Our experimental data indicate that the proposed
segmentation algorithm is highly accurate and robust in
segmenting the Left Ventricle and blood surface. This
algorithm provides a substantial improvement over the
traditional algorithm that requires manual intervention in
almost every patient. While automated segmentation at the
cardiac basal slice remains a concern, the algorithm
succeeds in eliminating the need for manual intervention
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at the apical slices when segmenting the endocardial
border, and almost eliminates manual intervention when
segmenting the epicardial border.
The proposed algorithm extracts the outer epicardial
border using the shape prior knowledge, which is adapted
to or guided by the endocardial border and signal intensity
profile already determined from the first part of iterative
thresholding. The external force is conditioned to drive the
contour from the endocardial border toward the epicardial
border, and the search for epicardial border is further
efficiently localized by blocking areas with intensity
above or below myocardial signal. This adaptation makes
our algorithm to converge rapidly onto the epicardial
border through a few iterations. Our experimental data
indicate that our method with adaptation is quite robust in
automatically extracting the epicardial border, enabling
estimation of the LV myocardial.

4

Conclusions

Automated medical image segmentation is a first step to
volume analysis and has interesting clinical and research
applications. Many medical images have poor contrasts at
tissue boundaries creating a challenge for automated
segmentation. Image segmentation methods based on
intensity information alone do not work well in these
cases. In this paper, we proposed a graph cuts-based
method for medical image segmentation that incorporates
statistical shape priors to increase segmentation robustness
in case of poor contrast. We introduced novel terms
accounting for global/local shape properties to the graph
cuts representation. Our objective function is minimized
through an Expectation Maximization approach. Our
proposed method is able to deal with complex shapes and
shape variations while taking advantage of the globally
efficient optimization by graph cuts. We demonstrate the
effectiveness of our method on kidney images that cannot
be segmented correctly using intensity information alone
due to weak boundaries. In the future, we will focus on
quantitative verification of results by our proposed
method.
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A Case Tool for Prediction of Squamousal Cancerous and NonCancerous Cells using DIP and ANN
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Khandelwal
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Abstract:- Cancer[1,2] is one of the principle causes of death in developed countries. The diagnosis of cancer is a
tedious and cumbersome process, especially in the early stages. Hence our application, developed using digital
image processing (DIP)[3-6] and artificial neural networks (ANN)[7-13] for pattern recognition, automates this
process to assist pathologists and lab technicians to achieve a more efficient and faster diagnosis. Using 15 derived
features, the first layer of our neural network has been able to achieve 66% correct detection of nucleus, cytoplasm
and background. Finally, the tool is able to classify the images into cancerous/ non-cancerous with an accuracy of
69%. For the complete set of 15 parameters using five fold cross validation classification, our ANN model reveals an
accuracy of 69.18±6.86%, a sensitivity of 78.96±6.73%, a specificity of 97.86±13.39% and MCC 64.93±6.98. This
shows that computer aided diagnosis can be a helpful tool, especially in a field that lacks experienced specialists.
Keywords: Squamousal Cancerous and Non-Cancerous, DIP, ANN, Area Descriptor, Mean Energy.

I.

INTRODUCTION

Cancer is a class of diseases or disorders
characterized by uncontrolled division of cells and the
ability of these cells to invade other tissues. With an
increase in the number of cases of squamousal cancer
in human beings, predominantly in females, accurate
prediction of the disease is very much needed. Since
the manual methods are time consuming and cannot
encompass all the boundaries to visualize an image,
there is an increasing demand for the development of
an automated tool that can predict cancerous cells more
efficiently and accurately. We have given priority to
accuracy over efficiency so that even if some images
are wrongly diagnosed as cancerous, no cancerous
image is left undetected.
Pathologically, cancer detection is done by analyzing
images of cells based on subtle structural differences
observed under the microscope. The anatomical
differences between cancerous and non cancerous
squamousal cells are listed in Table 1. We have used
these differences to train an artificial neural network to
identify whether a particular image contains cancerous
or non cancerous cells.

A. Artificial Neural Networks
Artificial neural networks are one of the most
efficient methods of pattern recognition. An artificial
neural network is an interconnected group of neurons
(simple processing elements) that can process
information using a connectionist approach. It is an

adaptive system that changes its structure based on
information that flows through it during the learning
phase and stores this experiential knowledge as
interneuron connection strengths. This gives artificial
neural networks the ability to generalize the knowledge
of new data which was not presented during the
learning process and to some extent they show
tolerance for discontinuity, accidental disturbances or
defects in the training data set.
Table 1.The differences between Cancerous and Non-cancerous
Squamousal Cells.

Parameters

Size of
nucleus
Surface of
cell
Ratio of
Nuclear
volume to
cytoplasmic
volume
Image

Cancerous
Squamousal
Cells
Large

Non- Cancerous
Squamousal
Cells
Small

Rough and
irregular

Smooth and
regular

High

Low
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images in the training data set, and the pixel information
was captured based on the 15 features (Table 2).
Table 2.The statistical parameters describing various pixel properties
using its 3x3 neighborhood matrix.

Statistical
Parameters
Edge Magnitude

Formula
(

+

Edge direction

Figure 1.A typical feed forward neural network.

The typical structure of a node consists of a summation
module Σ and an activation module F.

Variance
Mean energy
Standard
deviation (σ)
Area descriptor
Difference
Contrast
Energy variance
Maximum
Minimum

Figure 2.The typical Structure of a Single Neuron.

Average

The output of the summation module is calculated as:
Where, w-vector of weights, u-vector of
= ∑
input signal, m-number of inputs.
This signal
is then processed by the activation
module F using a sigmoid activation function which is
the non linear activation function suitable for our model.

Red
Green
Blue

=

Where β is a given parameter.

II.

IMAGE PROCESSING

The images are first digitized. A digital image is
defined as a 2D function, f(x,y), where x and y are
spatial (plane) co-ordinates, and the amplitude f at x,y is
the intensity of the image at that point. We segment the
images into three separate regions i.e. nucleus,
cytoplasm and the background.

(

)
)

1/N ∑ ∑ ( , −
1/N ∑ ∑ ( , )

)

√
Standard deviation/Average
Average –
Average_boundary_gray
Difference/(Average +
Average_boundary_gray)
)
1/N ∑ ∑ ( , −
The highest value of pixels out of
3x3 matrix
The lowest value of pixels out of
3x3 matrix
The average value of pixels out of
3x3 matrix
Intensity of red color of a pixel
Intensity of green color of a pixel
Intensity of blue color of a pixel

III. TRAINING AND TESTING OF ANN
For our application we have designed two layers of
feed forward neural network. We trained the first layer
to recognize various regions of an image based on
normalized pixel feature values and the second layer to
distinguish cancerous from non cancerous cells in the
input image data set.
Training of the ANN is done using the
Backpropagation algorithm in which the network’s
prediction for each sample is compared with the actual
known class label iteratively, until error is minimized.

A. First Layer of ANN

Figure 3.The various segments of an image.

Using a mouse event program we extracted 100
different pixels from each of these regions for all the

The first layer of ANN consists of 15 input nodes,
one for each feature mentioned in Table 2, and 3 output
nodes, one for each region mentioned in Figure 3. The
number of hidden nodes was varied and the network
was found to be optimized with 7 hidden nodes. The
normalized pixel feature values were given as input and
the network was trained to recognize and classify the
pixels into nuclear, cytoplasmic or background pixels.
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nodes, for the final classification. The number of hidden
nodes was varied and the network was found to be
optimized at 19 hidden nodes.
Table 3.The three parameters derived from first layer to be
accumulated and given as input to second layer.

Parameters
N
C
N/C

Description
Nuclear volume
Cytoplasmic volume
Ratio of size of nucleus to cytoplasm
in a given image

Figure 4 The architecture of the first layer of the artificial neural
network.

1) Training: The 15 feature values of a pixel were fed
as input and a random output is generated through the
untrained network. We compare this output with the
desired output value and backpropogate the error, if
any. We repeat this process for each of the 100
selected pixels of each region in each image of the
training data set. Now our first layer can identify
different regions of an image.

B. Intermediate Step
Once the first layer is successfully trained, we run it
on 100 randomly selected pixels from a particular
image.

Figure 5.Randomly selected pixels to accumulate image wise data in
the intermediate step.

Since the selection of these pixels is completely
random, probabilistic logic demands that the ratio of
random pixels picked up from all the three regions will
roughly correspond to the ratio of areas covered by
them in the image. This information, gathered from the
first layer is used to calculate the three parameters
(Table 3) that are used to train the second layer.
So, as an intermediate step between the two layers, we
accumulate the pixel level results of one image and
calculate the image level parameters.

C. Second layer of ANN
The second layer consists of 3 input nodes, one for
each parameter mentioned in Table 3, and 2 output

Figure 6.The architecture of the second layer of the Artificial Neural
Network.

1) Training: Since the primary difference between
cancerous and non cancerous squamousal cells (as
mentioned in table 1) lies in the relative sizes of the
nucleus and cytoplasm, we use the ratio of the volume
of the Nucleus the Cytoplasm as a basis for training the
second layer to identify cancerous images from non
cancerous ones. The parameter values were given as
input and the network was trained to recognize and
classify the images as cancerous or non-cancerous.
D. Testing
1) Five Fold Cross Validation: Since individual
testing of each image in the data set was not feasible, a
more limited validation technique was used. The data
set was randomly divided into five subsets, each
containing equal number of cancerous and noncancerous images. The data set had to be divided into
training set and testing set. The training set consisted of
five subsets. The network was validated for minimum
error on testing set to calculate the performance
measure for each fold of validation. Hence the final
prediction results are averaged over five testing sets.
2) Performance Measures: The prediction results of
ANN model developed was evaluated using the
statistical measures mentioned in Table 4.
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Table 4.Various performance measures used to evaluate the application

Performance Measures
Accuracy of the methods

Formula
=

, Where T=(P+N+O+U)

P and N:correctly predicted
O:over predictions
U:under predictions
×

MCC (Matthews correlation coefficient)
+

×

− ( ×

+

×

Sensitivity

=

Specificity
=

Percentage over coverage

×( +

)

+
+

=

+
+

=

Probability of correct prediction

)

+

× 100
× 100

Normalised average value
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Figure 7.Graph obtained for 15 parameters calculated from the Cancerous image with respect to nucleus, cytoplasm and background.
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Figure 8.Graph obtained for 15 parameters calculated from the Non-Cancerous image with respect to nucleus, cytoplasm and background.
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Table 5.Results of cancerous/non- prediction methods, using five-fold cross validation.

Testing 5-fold
cross validation

Number of cancerous
images correctly
predicted (out of 8)

C1
C2
C3
C4
C5

7
7
6
4
8

Number of non-cancerous
images correctly predicted
(out of 9)
Using image features
4
3
5
3
2

Prediction range
(cancerous
images)

Prediction range
(non-cancerous
images)

0.8859-0.9876
0.8967-0.9754
0.8763-0.9789
0.9015-0.9246
0.9136-0.9469

0.7896-0.9876
0.6743-0.9758
0.8076-0.9632
0.6754-0.8586
0.6686-0.8236

Table 6.Output values from the neural network for the fivefold cross validation sets of cancerous/non-cancerous images.

5-fold cross validation

Accuracy

C1
C2
C3
C4
C5
Mean

0.6879
0.6796
0.7123
0.7054
0.6859
0.6923±0.0586

Specificity

Sensitivity

Using image derived features
0.8765
0.8761
0.7988
0.8421
0.9123
0.7754
0.8954
0.9356
0.9983
0.8478
0.9786±0.1627 0.8635±0.0756

MCC

Q(Pred)

0.8214
0.5876
0.4445
0.5235
0.5769
0.6542±0.281

89.62
76.53
72.43
63.76
71.23
75.657±15.189

Table 7.Three parameters used as input for second layer ANN.

Parameters
S.No.
N
C
N/C

CANCEROUS
Max.
Min.
Avg.
0.003916 0.999961 0.941952
0.000039 0.009184 0.001353
0.000284 0.031186 0.009735

NON-CANCEROUS
Max.
Min.
Avg.
0.003916 0.637982 0.321458
0.000000 0.009184 0.001589
0.000284 0.049938 0.000873

Figure 9. The ROC Curve

IV. RESULTS AND DISCUSSION
The second layer of ANN model (3-19-2) is trained
with the image derived features (3 parameters) obtained

from first layer of ANN (15-7-3) which uses 15 features
derived from images as input. By applying a fivefold
cross-validation test using five data sets, we found that
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the network reached an overall accuracy of
69.18±5.86%. The prediction results are presented in
Table 6. The net has achieved an MCC of
0.649349±0.281. The other performance measures are
sensitivity = 88.96±7.56% and specificity =
97.86±16.27%. Training was performed for 100 epochs
for both the networks, after which the learning has been
terminated when the error reached a sufficiently stable
value.
Out of 8 in each cross-validation set 4-8 cancerous
images were correctly predicted as cancerous.
However, out of 9 in non-cancerous images: 2-5 were
correctly predicted as non-cancerous. Prediction
performance measures were averaged over five sets.
This illustrates that maximum of the predicted values
provide very adequate separation of the two classes of
images using ANN.
Thus, the first layer of the ANN has allowed the
recognition of 66% of nuclear, cytoplasmic and
background portions, on average and has also
demonstrated very good separation. The second layer
of the ANN is able to correctly classify 80% of the
cancerous images. This result revealed a good
prediction with an accuracy of>65%.

A. Evaluation of Prediction Accuracy
A trade-off was observed between making few falsepositive predictions and having a high sensitivity, which
is, correctly identifying as many positive examples as
possible. This can be visualized as what is known as
the receiver output characteristic (ROC) curve, in which
the sensitivity is plotted as a function of the 1-specificity
by varying the score threshold used for making positive
predictions. Figure 9 shows the ROC curves for the two
predictors included in our method. Performance of both
networks has been evaluated by calculating the area
under the ROC curve. The area under the curve is 0.88
for second layer of ANN showing better discrimination
of cancerous and non-cancerous images.

ACKNOWLEDGEMENT
We are thankful to All India Institute of Medical
Sciences (AIIMS), New Delhi, India for providing us the
Cancerous and Non-Cancerous Images as an input to
ANN.

REFERENCES
[1] National Cancer Institute: Vaginal Cancer (public
domain).
[2] Stenchever: Comprehensive Gynecology, 4th ed.,
Copyright © 2001 Mosby, Incorporation.

[3] The Image Processing Handbook by John C.
Russ, ISBN 0849372542 (2006).
[4] Fundamentals of Image Processing by Ian T.
Young, Jan J. Gerbrands, Lucas J. Van Vliet,
Paperback, ISBN 90-75691-01-7 (1995).
[5] Front-End Vision and Multi-Scale Image Analysis
by Bart M. ter Haar Romeny, Paperback, ISBN 14020-1507-0 (2003).
[6] Image Analysis and Mathematical Morphology by
Jean Serra, ISBN 0126372403 (1982).
[7] Christopher M. Bishop (2007) Pattern Recognition
and Machine Learning, Springer ISBN 0-38731073-8.
[8] Neural Computing and Applications, SpringerVerlag.
[9] Bhagat, P.M. (2005) Pattern Recognition in
Industry, Elsevier. ISBN 0-08-044538-1.
[10] Bishop, C.M. (1995) Neural Networks for Pattern
Recognition, Oxford: Oxford University Press.
ISBN 0-19-853849-9 (hardback) or ISBN 0-19853864-2 (paperback).
[11] Duda, R.O., Hart, P.E., Stork, D.G. (2001) Pattern
classification (2nd edition), Wiley, ISBN 0-47105669-3.
[12] Gurney, K. (1997) An Introduction to Neural
Networks London: Routledge. ISBN 1-85728-673-1
(hardback) or ISBN 1-85728-503-4 (paperback).
[13] Haykin, S. (1999) Neural Networks: A
Comprehensive Foundation, Prentice Hall, ISBN 013-273350-1.

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Application of Wcurves and TSP to
Clustering HIV1 Sequences by
Epitope
Douglas Cork1,2,3, Steven Lembark4, Sodsai Tovanabutra1,2,
Eric SandersBuell1,2, Bruce Brown1,2, Merlin Robb1,5, Lindsay
Wieczorek1,2,Victoria Polonis1,2, Nelson Michael1,5, Jerome
Kim1,5, US Military HIV Research Program 1; Henry M.
Jackson Foundation for the Advancement of Military
Medicine2, Rockville, MD. 20850, BCPS Dept., Illinois
Institute of Technology3, Chicago, IL. 60616, Workhorse
Computing4, Woodhaven, NY., Walter Reed Army Institute of
Research5, Rockville, MD.

Abstract
Understanding of the effect of HIV1 subtype diversity on the
neutralizing antibody response is critical to development of
HIV1 vaccines. Unfortunately, studies of neutralization are
largely inconclusive and variability in the HIV1 genome
makes it difficult to determine specific causes. The Wcurve is
an algorithm for abstraction of genetic sequences into 3
dimensions, allowing us to align and compare small fragments
of a sequence. Solutions to the Traveling Salesman Problem
(“TSP”) have been used for clustering in a variety of areas,
including bioinformatics. Combining these two approaches, we
can compare epitiopesized regions, cluster them, and provide
guidance for further neutralization studies. This technique may
also be useful in analyzing membership in anonymous drug
studies or evolution of drug resistance in study populations or
individuals.

Key words: HIV1, Wcurve, Traveling
Salesman, Neutralization Data
Disclaimer
The opinions or assertions contained herein are the private
views of the author, and are not to be construed as official, or
as reflecting true views of the Dept. of the Army or the DoD.

1. Introduction
Finding possible correlations between input HIV1 Reference
Subtype Clade genomic sequences and output neutralization
data is difficult. Much of the difficulty arises from a missing
mismatch repair enzyme in its reverse transcriptase. This leads
the genome to evolve at the rate it can miscopy individual
bases during transcription. The work must still be cataloged;
however, and the general solution was to use clades based on
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the entire genome. The reference clades now in use were
developed at the US Los Alamos National Laboratory
(“LANL”)in concert with a number of other HIV1 research
groups [1]. To help control the level of variability in
reporting, the standard strain HXB2 is used to report all
results. This avoids a plethora of different start and stop
numbers for the many strains of HIV1 sequenced and studied.
One of the main goals of recent studies has been to look at
crossclade neutralization results from two highly different
platforms These include PMBC and TZMbl analysis of effects
from antibodies elicited from one clade compared to viruses of
another. The studies normally have mixed virions and
antibodies from pooled patients serum that are infected with a
variety of reference subtype strains. On such study was Brown
et al, 2008 [2] which looked at Cross-clade neutralization
patterns among HIV-1 strains from the six major clades of the
pandemic evaluated and compared in two different models.
The outcome was that both inter and intraclade neutralization
was effectively random.
One possible reason for this is the use of LANL clades for the
analysis. These studies are looking specifically at CD4
receptor behavior. CD4 epitopes are small and widely
dispersed over local and global regions of the gp120 gene and
most of them are in highly variable portions of the gene. Due
to the variability in HIV1, the locations of these epitopes vary
significantly between clades, even between members of the
same wholegenome clade. Comparing them is even more
difficult because the reported locations are all on HXB2, not
the individual subtypes being studied. This makes prior
analysis of local similarities between the sequences of strains
being studied nearly impossible: the epitopes are nearly
impossible to align with the popular tools ClustalW and
FASTA.
What follows is a short introduction to an alternative method
we have for describing genomic sequences, the Wcurve, and
its application to locating and comparing small regions of
HIV1 sequences. We will also describe how a solution to
clustering with the Traveling Salesman Problem can help show
different groupings of the strains by epitope and applications
of the grouping.
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2. Methodology
2.1 Wcurves

The Wcurve was originally designed as the basis for a
graphical tool for visualizing very large regions of DNA
[3,4,5]. Over time it has been adapted for numerical
comparison as well [6]. By abstracting the genetic sequences
into a threedimensional space, Wcurves offer a wider range of
comparisons rather than comparisons based on searching,
aligning and treebuilding (assuming a mutation model) with
unidimensional strings of characters. Wcurves make it easier
to find patterns in sequences or locate common features
between genes. Their 3D nature also makes it possible to align
smaller features than are possible with string based techniques.
The design of our comparison utilities builds on these
capabilities to provide a technique for matching the small
regions of HIV1's CD4 epitopes along its gp120 gene.
Wcurves are built using a simple structure and rules. Given a
square with vertexes along the X and Yaxes, we label each
corner for one DNA/RNA base. For DNA the corners are “C”,
“A”, “T”, and “G” in that order. Using a discrete Zaxis of the
base number, starting at ( 0,0,0 ), the curve moves onehalf way
to the corner associated with the next base. Figure 1 shows a
curve for the sequence beginning with “CG” going from ( 0,0,0
) halfway to C, (0, 0.5, 1 ) then halfway to G at ( 0.5, 0.25,
2).
For ease of comparison, we store the curves in Cylindrical

notation. Instead of a “Manhattan” distance, we compare the
curves using the radial distance: projecting the shorter radius
along the line of the longer one (i.e. dist = R – r * cos(a1a2)).
This reduces the score for points in the same quadrant,
increases it quickly for points in different quadrants.
The order of bases along the corners is significant: number of
hydrogen bonds (2 or 3) and chemical structure (purine or
pyramidine) share quadrants around the square. This means
that most synonymous SNP's in the gene sequences will leave
the curves in the same quadrant. This keeps our samequadrant
measure small for SNP's.
Figure 2 shows a Wcurve of the full HIV1, HXB2 reference
sequence with the gp120 shaded in light blue. A few things to
notice about the curve are that it is distinctive across its entire
length: even in a this 2D, YxZaxis projection each area of
the curve looks different. This is what makes the curve useful
for comparing smaller fragments of sequences: the geometry
they produce is distinct. Also notice that the blue region is
relatively small: only about one eighth of the genome.
Figure 3 shows a detail of gp120 with the ten regions (five
conserved and five varying). The CD4 epitope is spread out
along gp120, residing mostly in the variable (“V”) regions:
V1+V2, V3, V4, overlapping V5. Only three of the epitopes
are in conserved regions (C2 and two in C5) with large gaps
between them. The distribution of the small epitope sequences
across the large gene is what makes this so hard to analyze.
Comparison using similar Wcurves is quite different from the
Multiple Sequence Alignment (“MSA”) process utilizing
ClustalW The first major difference is that inputs are
compared serially rather than being aligned to one another.
The purpose of this is to allow breaking one curve into
fragments and comparing alternate fragments for a given
location. For example, using a library gp120 sequences broken
down into regions we can estimate how similar a new sample
is to each of the library entries without having to manually
curate and realign each one. This also allows us to position
comparisons of discontinuous DNA by adding “filler”
fragments between the ones being compared. The ability to
locate and score discontinuous sequences is important for our
work with HIV1.
Another difference in our application, the result of comparing
two similar curves is not a single number but a set of “chunks”
where the fragments being compared were similar along with
a measure of dissimilarity in that region [6] . A single
comparison operation can be analyzed

Figure 1. Detail of initial two segments of a Wcurve for a
sequence beginning with "CG". Halfway rule is illustrated in
the XY plane.

multiple times using this approach, either by scoring it
multiple ways or in a multipass analysis that uses the chunks
from one pass to limit areas of search in the next.
Having a library of fragments avoids problems due to amino
acids with more than two synonymous triplets. We can
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Figure 2. Wcurve of HXB2 genome showing gp120 gene.

Figure 3: Wcurve of HXB2 gp120 showing regions and CD4 receptor eiptope.
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Figure 4. Tabulare and graphical display of tour taken from Brown study's gp120 sequences.

Figure 5. Tour of Brown study's gp41 sequence.
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Figure 6. Tour of V4 regions of gp120 in Brown study.
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generate a library of alternates for critical, short sequences such
as the CD4 epitopes. In cases where SNP's cause problems we
can simply add fragments with the synonyms. Short
comparison times and the limited number of alternatives in the
short areas of the epitopes make this possible with HIV1 [6].
Our approach uses a library of fragments from the LANL clade
representative sequences. Each of the representatives has its
gp120 analyzed to determine the location of CD4 epitopes on it
(instead of on HXB2). Aligning each of the gp120 fragments
with a given sample produces a list of chunks for each of the
comparisons. Locating the chunks which overlap the epitope,
we can estimate which ones have the best fit in that small
region. Aligning the curves within the closest chunks then
provides us with the starting locations for aligning the epitopes.
What is important about this process is that it is repeatable and
automated: we can analyze large samples or exhaustively test
alternatives for performing the alignments without manual
curation at each step.

2.2 TSP and Clustering
The Traveling Salesman Problem (“TSP”) is quite easy to
describe but difficult to solve. The problem is to take a list of
distances between cities and make a tour of them which visits
each city once with the least total distance. Substitute cost and
the algorithm will find the “cheapest” route through all of the
cities. As it turns out, this problem is NPcomplete, requiring
analysis of all routes to guarantee the least distance. Much work
has gone into developing heuristics for solving this problem
and there are fast algorithms for approximating the solution.
A byproduct of solving the TSP for a given input will be
clustering the cities nearest one another: an optimal tour will
cluster the closest cities together. A number of techniques for
determining inter and intraclade distances have been
developed. One technique developed by Climer and Zhang at
Washington University is to add a fixed number of “dummy
cities” to the list [7]. Each dummy has a small distance to all
other cities (we use 220). The nonzero distance leaves these
cities in the intracluster gaps.
Using this technique for clustering the result of comparing
gp120 sequences with the Wcurve, we have produced the
results shown in Figures 47. All of these were produced using
R and the Solve_TSP library for the tour, with homegrown
code for the colorcoding and labeling the output. The color
coding is done by first assigning 1024 colors via rainbo(1024).
As points are plotted around the edge of the circle, the
cumulative angle is computed and multiplied by 1024 / 2*pi.
This works better than simply generating a count of colors for
the tour since colors (or shades in grayscale) are related to the
distance between the points.
Figure 4 shows a tabular output and “pinwheel” for the entire
gp120 of the sequences in Brown et al [2]. The dummy cities

are not shown in the tabular output, and are shown as black
dots in the pinwheel. The tabular output shows the tour order
for the current sequence, tour order for the “Tour 0” reference,
and sequence name. This gp120 tour is used for the “Tour 0”,
which leaves its first two columns identical and the pinwheel
in colorwheel order around the circumference. For easier
reference, we have prefixed each of the study identifiers with
their LANL clade. This makes it easy to notice that gp120
follows the clades perfectly.
Figure 5 is a tour of gp41, the remainder of HXB2's env gene.
This shows similar groupings of identifiers but the groups
(black dots) no longer are at the standard clade boundaries.
Aside from the identifier prefixes, this can be seen in the
second column of tabular data, where the numbers are not in
order but are still grouped in similar ranges.
Figures 6 & 7 show results of comparing individual regions of
gp120. In C5, not only the clades but the ordering of
identifiers has broken significantly away from the LANL
sequences; in V4 there is no pattern at all.
What this starts to show us is that the innate variability of
HIV1 and evolutionary pressure from the immune system
produce antigens that do not conform to the clades defined by
the whole genome or even gp120. This affects the outcome of
neutralization studies by confounding their results: interclade
results at the wholegenome level may have little to do with
interclade results at the smaller regions of the antigen.
This leaves us with an approach for generating new clades in
HIV1 based on the epitope scores. Starting with a fragment
library of the LANL representative sequence's gp120, locate
and score the CD4 epitopes and local conformational regions
on the study samples [8]. Using the TSP solution, break the
comparisons into clades based on expected response. These
groups would then provide the basis for crossclade analysis
using PBMC or TCMbl analysis.
Other uses of this technique would be detecting new members
or groupings in anonymous sample studies and the evolution
of drug resistance in individuals or groups being studied.

3. Conclusions
Clades based on the full genome of HIV1 are useful for
cataloging sequences, such as LANL's database. They may not
be useful for directing neutralization studies, however, since
the variability of HIV1 at the antigen level leaves the local
regions not matching the clades. Our work with the Wcurve
and TSP can provide a new opportunity for analyzing
neutralization data using clades based on antigen sequences.
Studies based on clustering the antigenic sequences may
finally provide some consistent results that can be used to
develop effective drugs.
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Abstract
Genetic regulatory networks are prone to internal parametrical fluctuations as well
as external noises and are modeled as multi-time scale systems with time-delay.
Robustness represents a crucial property of these networks to attenuate the effects
of internal fluctuation and external noise. In this study, we formulate biological
networks as coupled nonlinear differential systems operating at different time-scales
under consideration of time delay and vanishing perturbations. We determine conditions for the existence of a global uniform attractor of the perturbed biological
system. By using a Lyapunov function for the coupled system, we derive a maximal
upper bound for the fast time scale associated with the fast state.
Key words: Regulatory gene network, time delay, multi-time scale network,
parametric uncertainties, robust stability
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Introduction

Gene regulatory combining a coupled dynamics of fast and slow states constitute an important class of biological networks [4]. Synthetic design of such
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networks is very sensitive to parameter perturbations. Errors in parameters
such as external perturbations and modeling errors are caused by data inaccuracies or computation errors. These perturbations can lead to location
errors of equilibria, to instabilities, and even to spurious states. Therefore, a
rigorous understanding of the qualitative robustness properties of gene regulatory networks with respect to parameter variations on both a fast or slow
time scale and under consideration of a transcriptional time delay becomes
imperative. In this study, we formulate gene regulatory networks as coupled
nonlinear differential systems operating at different time-scales under vanishing perturbations and time delays. Differently from previous work viewing
gene regulatory networks as either two-time scale systems without delay [5]
or as unperturbed systems [7], in this paper the perturbed biological system
is modeled as nonlinear perturbations with delay to a known nonlinear idealized system and is represented by two time-scale subsystems. We analyze
the robustness properties of gene regulatory networks, modeled by a system
of competitive differential equations, from a rigorous analytic standpoint [8].
The network under study models the delayed nonlinear dynamics of both fast
and slow states under consideration of nonlinear uncertainties and time-delay.
In the following, we will introduce some notations we will be using throughout
this paper.

Notations:
1

||A||: {λmax (AT A)} 2 with λmax being the maximum eigenvalue.
h·, ·i: inner product on RN
|| · ||: induced norm
(∇v)(x): gradient field

∂v
(x)
∂x

Lf v : RN → R or h(∇v)(x), f (x)i: Lie derivative of a scalar field x → v(x) ∈ R
along the vector field f ∈ RN
C(RN ): the space of all continuous functions mapping RN → RN
C 1 (RN ) ⊂ C(RN ): the space of continuous functions which have continuous
first order partial derivatives
Df (x): Fréchet derivative of f
RN ×N : the set of real square matrices of order N × N
2
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2

Problem Statement

Gene regulatory networks represent circuits of genes that interact and regulate
the expression of other genes by proteins. The change in expression of a gene
is regulated by protein synthesis in transcriptional, translational and posttranslational processes. Taking into account a transcriptional time delay [6]
and the fact that mRNA typically decays much faster than the protein, we
consider the gene regulatory network described by the following equation

i Ṁi (t) = −Mi (t) +

n
X

w̃ij i fj (Pj (t − ρ)) +

j=1

Bi
i

(1a)

Ṗ (t) = −ci Pi (t) + di Mi (t)

(1b)

where Mi (t), Pi (t) ∈ R are the concentrations of mRNA and protein of the
ith node, respectively. The parameters ai and ci are the decay rates
of mRNA
 
x
βj

Hj

and protein, respectively; di is the translation rate, fj (x) =   Hj  , Bi =
1+

x
βj

= a1i and Ii is the set of all the j which is a repressor of gene i,
W̃ = (w˜ij ) ∈ Rn×n is defined as follows
P

j∈Ii bij , i





bij ,




: if transcription factor j is an activator of gene i




 −bij

: if transcription factor j is a repressor of gene i

w̃ij = 


T

0, : if there is no link from node j to i

(2)

T

Let (M ∗ , P ∗ )T be an equilibrium point of the system (1a). By shifting the
equilibrium of the system to the origin, we obtain a general formulation of a
new uncertain system

ṁ(t) = Am(t) + Wg(p(t − ρ))
ṗ(t) = −Cp(t) + Dm(t)

(3a)
(3b)

with A = diag{a1 , a2 , · · · , an }, C = diag{c1 , c2 , · · · , cn }, D = diag{d1 , d2 , · · · , dn },
gi (pi (t)) = fi (pi (t) + Pi∗ ) − fi (Pi∗ ). Because fi is a monotonically increasing
function with saturation, gi (·) satisfies the sector condition 0 ≤ gix(x) ≤ ki .
3
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The class of perturbed uncertain biological systems considered is a two time–
scale system consisting of two coupled subsystems with delay with the following structure [8]
ṁ(t) = b(t, p(t), p(t − ρ), m(t), )
ṗ(t) = a(t, p(t), m(t))

(4a)
(4b)

b(t, p, p(t − ρ), m, ) = A(t)[m(t)] + h2 (t, p(t − ρ), )
a(t, S, x) = −Cp(t) + Dm(t)

(5a)
(5b)

where

m(t), p(t) ∈ RN are the fast and slow state vectors, respectively. Further, we
set f̃ = −Cp.
The uncertainty is represented by h2 (t, p(t − ρ), ) = Wg(p(t − ρ)). Initially,
it is shown in Theorem 1 that the state origin of the reduced order system is
a global attractor. Then, in Theorem 2, it is shown that the state origin is a
global attractor for the full-order system provided the singular perturbation
parameter  is sufficiently small.
The uncertainty of the fast system is subject to Assumption 1 describing the
variations of the unperturbed system [1].
Assumption 1:
(a) For all (t, p(t − ρ), m), h2 (t, p(t − ρ), m, 0) = 0.
(b) For all t, there is a κ0 ∈ [0, 21 ||P0 ||−1 ) and A0 ∈ RN ×N such that
c
c
A(t) = A0 + A(t),
||A(t)||
≤ κ0
(6)
with A0 being a known stable matrix and P0 being the unique symmetric
positive definite solution of the Lyapunov equation

A0 P 0 + AT
0 P0 + I = 0,

(7)

where I, 0 ∈ RN ×N are the identity and zero matrices, respectively. It is further
assumed that A0 = −a0 I, which yields P0 = 2a10 I.
A reduced–order uncertain system is easily obtained by setting  = 0
ẋ(t) = −Cp(t) + Dm(t)
4

(8)
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with the constraint based on Assumption 1

m(t) = 0

(9)

Assumption 2:
(a) There is a unique positive definite matrix P1 being the solution of the
Lyapunov equation
P1 (Df̃ )(p) + (Df̃ )T (p)P1 + I = 0

(10)

(b) The following inequality holds for all p

||f̃ || ≤ v1 ||p||

(11)

As an equivalent reduced–order system we obtain

ṗ(t) = −Cp = f̃ (p)

(12)

In the following, it will be shown that there exists a global attractor for the
reduced-order system [2,3].

Theorem 1: Suppose that Assumptions 1-2 hold. If P1 ∈ RN ×N is a symmetric positive definite P1 , then the origin is a global uniform attractor for
the reduced-order system (8).

Proof: Select the Lyapunov function v1 : p → v1 (p) = 21 hp, P1 pi, and thus
Lf˜v1 (p) = hP1 p, f˜i. Since
1
1
||p||2 λmin (P1 ) ≤ v1 (p) ≤ λmax (P1 )||p||2
2
2
then
||P1 p|| ≤

q
s

||p|| ≤

1

2λmax (P1 ){v1 (p)} 2

(13a)

1
2
{v1 (p)} 2
λmin (P1 )

(13b)

5
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Select the Lyapunov function v1 : p → v1 (p) = 12 hp, P1 pi, and thus
v˙1 (p(t)) = −λmin (C)v1 (p(t)) ≤ 0

(14)

q.e.d.
The following assumptions are necessary for being able to prove the stability
of the full–order uncertain system.
Assumption 3: There is a given scalar l4 > 0 such that
||h2 (t, p(t − ρ), m, )|| ≤ l1 ||p(t − ρ)||]

(15)

Theorem 2: Suppose Assumptions 1-3 are satisfied. If det(M ) where M is
given as


λmax (P1 ) 1
−γ
 2||C|| λmin (P1 ) } 2

(16)
M = 

ξ (1−2κ0 ||P0 ||)
−γ

λmin (P0 )
1

1

(P1 )
(P0 )
with γ = ||D||{ λλmax
} 2 +l1 ξ { λλmax
} 2 , then it is a positive definite matrix
min (P0 )
min (P1 )
for all  ∈ (0, ∗ ) and Φ ∈ R+ where

(1 − 2κ0 ||P0 ||)λmin (P0 )−1
 =
Φ
∗

then the origin is a global uniform attractor for the full–order uncertain system
given by equation (4a).
Proof: As a Lyapunov function we will choose v : RN × RN → R0+
v (p, m) = v1 (p) + ξ v0 (m)

(17)

where ξ > 0 is a real constant dependent upon the singular perturbation
parameter and needs to be specified and v0 (m) = 21 hm, P0 mi. ∇p denotes the
∂
operator ∂p
mapping R into RN . The same holds for ∇m .
The time derivative of the Lyapunov function is given as
d
v (p, m) = V (t, p, m)
dt
6

(18)
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where
V (t, p, m) = h(∇v1 )(p), a(t, p(t), m(t), )i
+ ξ −1 h(∇m v0 )(m), b(t, p(t − ρ), m(t))i}

(19)

We will compute the time derivative of the Lyapunov function in two steps.
The following holds:
||P0 m|| ≤

q
s

||m|| ≤

1

2λmax (P0 ){v0 (m)} 2
1
2
{v0 (m)} 2
λmin (P0 )

(20a)
(20b)

Further, we get
h(∇v1 )(p), a(t, p(t), m(t), )i
1
λmax (P1 ) 1
λmax (P1 ) 1
} 2 v1 (p) + 2||D||{
} 2 {v1 (p)v0 (m)} 2
≤ −2||C||{
λmin (P1 )
λmin (P0 )

(21)

Similarly, we have for (∇m v0 )(m)

(∇m v0 )(m) = P0 m

(22)

and for
h(∇m v0 )(m), b(t, p(t), p(t − ρ), m(t), )i
= {hP0 m, A(t)[m]i + hP0 m, h2 (t, p, p(t − ρ), m, )i}

(23)

and as a consequence of Assumption 1b we have
1
hP0 m, −A(t)mi ≤ − (1 − 2κ0 ||P0 ||)||m||2
2

(24)

and we also utilize
||(m))||2 ≥

2
v0 (m)
λmax (P0 )

and also under the Assumptions 1, 2, and 3 and
7

(25)
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h(∇m v0 )(m, b(t, p(t), p(t − ρ), m(t), )
(26)
"
#
1
2
λmax (P0 ) 1
1
v0 (m) + 2 · l1 {
} 2 {v1 (p)v0 (m)} 2
≤ − (1 − 2k0 ||P0 ||)
2
λmin (P0 )
λmin (P1 )
Based on equations (19) to (26), we obtain the following result for the time
derivative of the Lyapunov function

λmax (P1 ) 1
} 2 v1 (p)
λmin (P1 )
2
ξ
v0 (m))
− (1 − 2κ0 ||P0 ||)
2
λmin (P0 )
#
"
1
λmax (P1 ) 1 l1 ξ λmax (P0 ) 1
}2 +
{
} 2 {v1 (p)v0 (m)} 2 ≤ 0
+2 ||D||{
λmin (P0 )
 λmin (P1 )
V (t, p, m) = −2||C||{

(27)

We can rewrite it in a more compact form


1





1



 {v1 (p)} 2 
 {v1 (p)} 2 
V (t, p, m) ≤ −h
,
M


i

1
1
{v0 (m)} 2
{v0 (m)} 2

(28)

where M is defined as in (16). Thus V (t, p, m) ≤ 0.
q.e.d.
For both proofs, we used quadratic Lyapunov functions. The theorems enable
the design of imperfectly known, singularly perturbed, biological dynamical
systems.
In the following, we apply the theoretical results to the dynamics of repressilator in Escherichia coli as shown in [7].
Example
The repressilator represents a cyclic negative-feedback loop comprising three
repressor genes (lacl, tetR and cl) and their promoters. The kinetics of the
system are given below
α
,
1 + pnj
ṗi = −β(pi − mi )

ṁi = −mi +

(29)

8
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where mi and pi are the concentrations of the three mRNA and repressorprotein, and β > 0 denotes the ratio of the protein decay to mRNA decay rate.
The above system can be rewritten in the form (4a) with A = diag(1, 1, 1),
2
c ≤ 0.2, C = diag(2.5, 2.5, 2.5), D = diag(2.6, 2.6, 2.6), f (P ) = Pi and
||A||
i
i
1+P 2
i




 0


W =
 −0.83


0

0

−0.83 

0

0

−0.83

0







(30)

Applying Theorem 2, we can immediately show that the dynamics of the
repressilator are global uniformly stable and as a upper bound for  we get
∗ = 0.8
with Φ ∈ R+ .
Φ

3

Conclusion

We analyzed the dynamical behavior of genetic regulatory networks subject
to fluctuations and time-delays based on the theory of uncertain singularly
perturbed systems. The nominal system was considered nonlinear and it was
assumed that the fluctuations are bounded. Specifically, we applied these results to study robustness properties of a gene regulatory networks modeled
as two–time-scale systems. In this sense we established robustness stability
results for the perturbed genetic regulatory network and determined the conditions that ensure the existence of globally uniformly stable equilibria of the
perturbed system. A sufficient condition for the nonnegative singular perturbation parameter, representing in our context the time–scale associated with
the fast state, is derived for the uncertain time-delayed, two–time scale system under the condition that the nonlinear uncertainties are bounded. The
derived results have potential application for reverse engineering and robust
biosynthetic gene regulatory network design.

References

[1] Z. Shao (2004) Robust stability of two-time scale systems with nonlinear
uncertainties, IEEE Transactions on Automatic Control, p. 258-261.
[2] Ali Saberi und Hassan Khalil (1984), Quadratic–type lyapunov functions for
singularly perturbed systems, IEEE Transactions on Automatic Control, p. 542550.
[3] M. Vidyasagar (1993), Nonlinear Systems Analysis, Prentice Hall.

9

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

[4] R. Tanaka, H. Okano and H. Kimura (2006), Mathematical description of gene
regulatory units, Biophysical Journal, vol.91, p. 1235-1247.
[5] M. Simpson, C. Cox and G. Sayler (2003), Frequency Domain Analysis of Noise
in Autoregulated Gene Circuits, Proceedings of National Academy of Sciences,
vol. 100, p. 4551-4556.
[6] N. Monk (2003), Oscillatory Expression of Hes1, p53 and NF-kB Driven by
Transcriptional Time Delays, Curr. Biol., vol. 13, p. 1409-1413.
[7] F. Ren and J. Cao (2008), Asymptotic and Robust Stability of Genetic
regulatory Networks with Time-Varying Delays, Neurocomputing, vol. 71, p.
834-842.
[8] Y. Y. Lin-Chen and D. P. Goodall (2003), Stabilizing Feedbacks for Imperfectly
Known, Singularly Perturbed Nonlinear Systems with Discrete and Distributed
Delays, pages = 869-887, Int. J. Systems Science, vol. 53, p. 869-887.

10

863

864

Int'l Conf. Bioinformatics and Computational Biology | BIOCOMP'10 |

Communication Technologies Based on Brain Activity
A. Roman Gonzalez
TELECOM ParisTech, 75013 – Paris, France

Keywords: Brain computer interface, EEG, ICC, thought
control, rehabilitation

(MEG), functional MRI (fMRI), but these signals are not
practical to implement a human-machine interface, because
some are only anatomical information, other techniques are
very invasive, others are a lot of exposure to radiation and
another are very expensive [5] [7]. To work with
electroencephalographic (EEG) is the most convenient and
therefore the BCI is based on detecting the EEG signals
associated with certain mental states.
The aim of this paper is to provide an introduction and the
background in the field of BCI research. In the first part of this
paper we present a conceptual review of EEG signals and how
to position the electrodes to be measured. In the second part
we show a brain-computer interface own mind that the
different models and their various applications. Finally we end
with a specific application of BCI as the control of a
wheelchair and the respective conclusions

1. Introduction

2. The Electroencephalogram (EEG)

There are a significant number of people suffering from
severe motor disabilities due to various causes, high cervical
injuries, cerebral palsy, multiple sclerosis or muscular
dystrophy. In these cases the communication systems based on
brain activity play an important role and provide a new form
of communication and control, either to increase the
integration into the society or to provide to these people a
tools for interaction with their environment without a
continued assistance. There are various techniques and
paradigms in the implementation of brain-computer interfaces
(BCI). A brain-computer interface is a communication system
for generating a control signal from brain signals such as EEG
and evoked potentials. The Communication between the two
essential parts of BCI (brain and computer), is governed by
the fact that the brain generates the command and the
computer must to interpret [1]. The amyotrophic lateral
sclerosis (ALS) is a progressive neurodegenerative disease
and is characterized by the death of motor neurons, which
turns in a loss of control over voluntary muscles [2] [3] [6]. A
stroke or other accident can lead to degeneration of parts of
the brain, which makes people unable to communicate more
with the environment, they have the same cognitive abilities,
this is what is known as Syndrome "Locked-In" in France
there is approximately 500 patients with this syndrome and
about 8000 and 9000 patients with ALS, data published in [4]
[7]. To measure and study the brain activity signals, there are
different methods such as: magnetic resonance imaging
(MRI), computed tomography (CT), the ECOG scale, single
photon emission computed tomography (SPECT), CT positron
emission tomography (PET), magnetoencephalography

The electroencephalogram (EEG) is a study of brain
function that reflects the brain's electrical activity. To collect
brain electrical signal using electrodes placed on the scalp,
which is added a conductive paste to enable the brain
electrical signal, which is of a scale of microvolts, can be
recorded and analyzed.
EEG signals have different rhythms within the frequency band
with the following characteristics: [1] [7].

Abstract- In this article we present a description of
communication systems based on brain activity, specifically
the brain computer interfaces, principles, applications and
recent advances in this field. The brain computer interfaces
are designed to provide a communication and control system
to people who suffer a severe loss of motor function resulting
from various accidents and / or diseases, so they can to
control and to interact better with their environment, also
currently there is the possibility that healthy people can use
this interfaces. To implement a brain computer interface is
necessary to acquire electroencephalogram signals of brain
activity, to process and interpret them to take appropriate
action.

Rhythm Alfa or Mu: It is characteristic of the state of
consciousness and physical and mental rest with the eyes
closed.
• Low voltage (20-60 μv/3-4mm) with variable
morphology.
• High frequency (8-13 Hz).
• Zones of origin: later.
• Visual blockade before palpebral opening and stimuli
(reactivity).
• No differentiable childhood after the 8 years, 10
hertz, established after 12 years.
Rhythm Beta: It is characteristic of the state of consciousness
in states of cortical activation (replace of α).
• Low voltage (10-15 μv/1-1.5 mm) with variable
morphology.
• High frequency (13-25 ó + Hz) to greater
predominant frequency in anxious and unstable
subjects.
• Zones of origin: central frontals.
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Rhythm Theta: It is characteristic of the state of deep and
normal sleep in the childhood (10 years), abnormal during the
state of consciousness.
• Preponderant before 2 years (emotional situations).
• Appearance in specific physiological conditions
(hyperventilation and deep sleep).
• High voltage (50 μv/7mm).
• Low frequency (4-8 Hz).
• Zones of origin: thalamic zones, parietotemporal
region.
Rhythm Delta: It is characteristic of indicative pathological
states of neuronal difficulty (comma) and occurs during deep
sleep.
• High voltage (70–100 μv/9-14 mm) with variable
morphology.
• Low frequency (4 - ó Hz).
• Subcortical origin (not defined).
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In the EEG signals, can be observed what is called evoked
potentials, these evoked potentials is a neurophysiologic
examination that assesses the role of acoustic sensory system,
visual, and somatosensory pathways through evoked
responses to a stimulus known and standardized. There are
several types of event-related evoked potentials (ERP) and
visual evoked potential (VEP) evoked potentials acoustic
(PEA), motor evoked potentials (MRP), Steady State Visual
Evoked Responses (SSVEP), etc. which are discussed in
articles [2] [3] [4] [8] [9].

3. International system of positioning
electrodes 10/20
Although, there are several different systems (Illinois,
Montreal, Aird, Cohn, Lennox, Merlis, Oastaut, Schwab,
Marshall, etc.), the 10/20 international system is the most
widely used at present. To place the electrodes according to
this system proceeds as follows:
The inactive or common electrode is placed remote of the
skull (earlobe, nose, or chin). It is counted on data points such
as: nasion and inion. Ten percent of the data points are the
prefrontal and occipital planes. The rest is divided in four
equal parts of 20% each.
Five cross-sectional planes exist:
• Prefrontal: Fpz
• Frontal: Fz
• Vertex: Cz
• Parietal: Pz
• Occipital: Oz

Fig. 2 Positioning of the Electrodes

The number of electrodes used and the position, depends on
the particular signal that we want to analyze. The oscillation
of the sensorimotor cortex, changes dynamically the execution
of the movement of a member:

Fig. 2 EEG rhythms in time and frequency domain [6] [7]
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Fig.5 Electrodes

Fig. 3 Sensory and Motor Homunculus [10]

4. The brain-computer interfaces
A brain-computer interface is a communication system
that can generate control signals from brain signals, i.e. a BCI
is a system that translates brain activity into commands for a
computer or other device. A BCI allows users to interact with
their environment using just brain activity, without using
nerves and muscles.
A general block diagram for a brain-computer interface is
shown below:
Pre-Processing

Features Extraction

Fig. 6 Gel and conductive grease

Classification

Fig. 7 Photographs with the fixed electrodes

4.2 Features extraction

Visual Feed-Back
Data Acquisition
Fig. 4 General Block Diagram for a BCI

4.1 Data acquisition
For data acquisition is used electrodes, signal
amplifiers and analog filters, for example in [1] was used
8mm electrodes Ag/AgCl, the signal is amplified with an 8channel EEG amplifier Procomp Infinity model. For the
fixation of electrodes is necessary to use paste and/or
conductive gel, is necessary to measure the impedance of the
electrodes and to be sure that we have well established, since
this impedance must be less than 5 K ohms [1].

The feature extraction step is probably the most
critical step in the EEG signal processing. The aim of this step
is to create a manageable and meaningful representation of the
original EEG signal, with a view to maximizing the potential
success of the classification step and in turn the overall system
performance. A second objective of the feature extraction step
is to compress data without loss of relevant information in
order to reduce the number of input variables in the qualifying
round to make it operate in real time. For this step there are
many feature extraction methods such as autoregressive
parameters used in [1] [15], the average fast Fourier transform
(FFT) used in [11], the average of the signal in time domain
by windows used in [12], independent component analysis
[13] [14] and others.

4.3 Classification
The classification is the final processing step. The
entry to the classification algorithm is the set of features
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extracted in the previous step and the output is an indication of
the user's mental state. As in the previous step, there are
several methods to classify data, which are explained in each
of the items listed in the references, especially in [16].
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The most used non-invasive technique is to work with the
EEG signals collected from electrodes placed on the scalp.

The following are some types of BCI:

4.4 Asynchronous interfaces
This kind of interface analysis the user voluntary
activity, this analysis retains at all times a communication link
with the system, in this case the system continuously analyzes
the signals from the user's brain activity and classify mental
status periodically. In other cases, the interface can measure
temporal variations in the rates associated with motor activity
of the user, such amplitude variations can be detected and then
transform them into commands, the analysis of motor activity
requires lengthy training.
Spontaneous brain activity produces the following types of
signals that are used in interfaces [4]:
1) Slow Cortical Potential Shifts (SCPS).
2) Oscillatory activity sensorimotriz.
3) Spontaneous EEG signals.

4.5 Synchronous interfaces:
This type of interfaces analyzed EEG signals evoked
potential stimuli received by the user from the system (can be
visual, auditory or tactile), in this case is the system that
performs the task of communication, the user simply react or
not to a series of stimuli. In this case do not work with
spontaneous brain activity, if not rather with the brain's
response to stimuli and then transform this response
commands. For such interfaces requires a limited learning.
The main types of signals that are used in these synchronous
interfaces are [4]:
1) Steady State Visual Evoked Responses (SSVERs).
2) Event Related Potentials (ERPs).

Fig. 8 Invasive Method for Measuring Brain Activity [18]

4.7 BCI P300 speller:
This kind of BCI was originally proposed by Farwell
and Donchin [19] and is also studied in [4] and [20], is a noninvasive communication interface based on event-related
evoked potentials ERPs P300 type. This interface allows the
user to write a text on the computer, is a 6x6 matrix that is
displayed on the screen and is made up of 26 letters of the
alphabet, nine numbers and a symbol that enables the
cancellation of the previous selection.
The P300 speller is based on a paradigm which consists of
presenting stimuli in the form of lighting in each row or
column. The user's task is to take attention to the character to
select and count the times that is affected by lighting. The
illuminations are done in a random and repeated several times
for each character.

4.6 Invasive or noninvasive interfaces
The signals of brain activity that can be measured can
be signs at the scalp as the electroencephalogram (EEG) can
be at the level of the cerebral cortex as the electrocorticogram
(ECoG) or the need for implanting electrodes into the brain.
Then we distinguish the invasive methods such as those that
require the installation of electrodes inside the skull.
Noninvasive methods are those that can measure signals only
from the surface of the scalp [4] [17].
In the invasive methods, when an electrode is connected
directly to a neuron, it measures its post-synaptic electrical
activity and / or the potential cast for its axon [4].

Fig. 9 P300 Speller Matrix
The applications of brain-computer interfaces can be different,
starting with the movement control of a course on a screen [1],
multimedia applications such as video games, applications in
robotics and process control, and aerospace applications to
help astronauts handling robots as explained in [21], control of
a wheelchair which will be discussed in the next section, etc.
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Fig. 10 To Control a Cursor on a Computer Screen [1]

5. Control de una silla de ruedas con BCI
Currently there are several research teams working to develop
and improve the control system of a wheelchair based on
measurements of the EEG signals of brain activity in patients
with severe loss of motor activity. In this area, one of the first
to submit a rough prototype wheelchair controlled by EEG
signals was by Tanaka in [24] and is also studied in [4].
Tanaka used a noninvasive BCI asynchronous analyzing EEG
signals between 0.5 and 30 Hz, in the training phase of the
system the user must imagine the movement left and right for
20 seconds for each move, the acquisition is made at 1024 Hz
and based on these signals the system learns to discriminate
between both types of movement.
One of the latest studies in relation to control a wheelchair
with EEG signals was introduced by Toyota in June 2009
[22]. This system has the capacity to analyze the EEG wave
signal every 125 milliseconds and decide whether to turn left,
turn right or forward. The analyzed waves are shown in real
time on the computer screen to give visual feedback. This
system uses a cheek movement to slow or stop the wheelchair;
this movement can be made by an accumulation of air in that
area.

Another work with wheelchair control based on EEG is done
by the project OpenViBE [18] and [23] presented in 2009.
OpenViBE is a free platform to develop BCI applications,
within these different applications was a control of a
wheelchair, for which uses electrodes at positions C3 and C4
of the international position of electrodes 10/20 to capture the
signals of intention to move left or right hand and thus
represent the rotation the wheelchair to the right or left
respectively, for EEG signals representing the movement of
feet, an electrode is placed in the front and thus represents the
advancement of the wheelchair. In a first moment is perceived
to be very difficult to handle the wheelchair with these
premises, so in a second experiment using the signal from the
feet to select from several target destinations, so once you
select your destination, as Wheelchair uses other algorithms to
get to your chosen destination and progress.

6. Conclusions
In this article we have tried to present the work done
by different research groups studying brain-computer interface
or BCI, each of these teams with different techniques,
methods, approaches, but all of them aiming to develop a tool
that can help people who suffer a severe loss of motor skills to
be able to better interact with their environment, but not
limited to those disabled people, today are also involved
people who are healthy and can use this types of interfaces to
perform complicated tasks or in complicated environments.
Through this article we provide the basis and
foundation for developing a brain-computer interface,
showing the different steps to implement a BCI, the different
stages of processing and analyzing the different techniques
currently used.
The most important aspects to be taken into account
in order to have good results: A good fixation of the electrodes
on the scalp, which required a measure of the impedance of
the electrodes on the scalp, which should be less than 5 K
ohms. It is always necessary prior training stage. However
there are investigations that seek to perform discrimination
tasks without training, but the results are not encouraging.
Each person has a different way of managing their brain
activity [1].
The results so far are very encouraging, in some
cases reaching rates of 93% effective, but even more must be
done about it because it is necessary to increase the number of
free degrees, a better definition of states, speed in the
interpretation, to be able to have more complex applications

Fig. 11 Toyota Wheelchair Controlled by BCI [22]
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Abstract - Whenever pairwise alignment is performed which
optimizes some objective function, the possibility exists that
there will be multiple equally-optimal alignments. The impact
of the optimality envelope on further inference has received
relatively little discussion, considering the potential problems
it could cause.
Herein is presented a method which
investigates the potential impact of equally-optimal pairwise
alignments on multiple sequence alignments and phylogenetic
inference. When multiple equally-optimal pairwise alignments
are possible, the reliability of multiple sequence alignments
and phylogenetic reconstruction suffers. Many possible
multiple sequence alignments and phylogenetic trees are
possible. This paper identifies the impact of equally-optimal
pairwise alignments on the accuracy of Multiple Sequence
Alignments and phylogenetic inference.

1.1

Keywords: Sequence, Alignment, Optimal, Phylogeny

With any approach to pairwise alignment, there is a possibility
of having multiple co-optimal alignments. This is especially
true of the Needleman-Wunsch method. Larger sequences
result in even higher numbers of equally-optimal alignments.
This is a significant problem, taking into consideration that
most biological sequences are extremely long. Many multiple
sequence alignment (MSA) algorithms which utilize
progressive alignment methods use pairwise alignments in
order to construct a guide tree prior to performing the
alignment. After calculating distances between sequences and
constructing this guide tree, many MSA algorithms again use
pairwise alignment of sequences/profiles to progressively
carry out the multiple sequence alignment.

1

Introduction

Aligning a pair of sequences is a common yet crucial task in
bioinformatics. Optimizing pairwise alignment is an area of
bioinformatics that has received a plethora of attention and
research. Not only is it an important idea in and of itself, but
it is at the center of many higher-level tasks, such as guide
tree formation, multiple sequence alignment, protein structure
prediction, database searching, and phylogenetic analysis.
Many different approaches are used to perform pairwise
sequence alignment, including dynamic programming, dotmatrix, and word methods.
No matter what the approach, there is a possibility of having
multiple equally-optimal alignments. Usually, a person will
arbitrarily choose an alignment, ignoring the potential
implications of such an action. Landan and Graur [3] said,
“Sequence alignment is frequently treated as a 'black box'; the
possibility that it may yield artifactual results is usually
ignored”. This paper serves to answer the question, “What is
the impact of co-optimal alignments on multiple sequence
alignment?” In this paper, Needleman-Wunsch pairwise
sequence alignment will be discussed, and potential problems
of co-optimal alignments will be addressed.

Needleman-Wunsch Algorithm

One of the most common dynamic programming techniques
for pairwise alignment is the Needleman-Wunsch method,
which creates a scoring matrix in order to align the sequences.
In this technique, the matrix is used to calculate the most
optimal alignment between two sequences, taking several
parameters into consideration. One of the parameters of
importance is a gap penalty (which may or may not include
separate costs for opening and extending gaps). Taking these
parameters into consideration, the Needleman-Wunsch
algorithm calculates the most optimal alignment of two (or
more) sequences.

1.2

Potential Impact on Biological Analyses

Because MSA is “the foundation of . . . motif discovery,
calculation of genetic distances, identification of homologous
strings, phylogenetic reconstruction, identification of
functional domains, three-dimensional structure prediction by
homology modeling, functional genome annotation, and
primer design” [3], the impact that co-optimal sequences may
potentially have on reliability is tremendous. This paper
investigates the direct impact of co-optimal alignments on
multiple sequence alignment, as well as analyzing the impact
they may have upon phylogenetic inference. If it can be
shown that equally-optimal alignments result in different
multiple sequence alignments and phylogenetic trees, then a
more thorough examination of equally optimal alignments
should be performed in the sequence alignment process.
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2

Collect 60 sequences
Randomly split into 3 groups of 20 sequences
For each group
For 1 to 10
Select two sequences which have not been used
Create 100 equally-optimal alignments
Create a profile to align the selected alignments
For 1 to 10
For 1 to 10
Select a random alignment from the 100
Align to the existing profile
Generate phylogenetic tree from the
multiple sequence alignment

Related Work

One study, performed by Landan and Graur [2] identified a
method to measure the reliability of any study involving
sequence alignment. The method, known as the Heads or
Tails (HoT) methodology, makes use of the fact that most
alignment methods utilize only the high-road or low-road
alignment. By making two sets of alignments, one heads
(high-road) and one tails (low-road), and then performing
further analyses using both alignments, it is possible to
quantify the uncertainty in the results. It is recommended that
such methods are utilized in every situation involving
pairwise alignments.

3

Figure 0: Steps used to evaluate equally optimal alignments

Materials and Methods

Previous efforts made it possible to identify the impact of
equally optimal alignments on certain biological processes,
including guide tree formation and the number of conserved
sites in multiple sequence alignments. The purpose of the
methods explained herein was to identify the direct impact of
equally-optimal pairwise alignments on reliability of multiple
sequence alignments and phylogenetic tree formation. If
equally-optimal pairwise alignments can result in multiple
optimal MSAs or phylogenetic trees, then the reliability of
such methods is greatly compromised. It is hypothesized that
if the pairwise alignments are truly equally-optimal, then this
should have no effect on multiple sequence alignment or
phylogenetic reconstruction.
In order to test this hypothesis, DNA sequences from 60
different genes were collected. The sequences ranged in size
from 82 to 638 nucleotides. The sequences were randomly
split into three groups of 20 sequences. For each group, two
sequences were selected and 100 equally-optimal alignments
were created. Then, two more sequences were selected and
the process was repeated until all of the 20 sequences had
been aligned.
Then, one of the 100 equally-optimal
alignments was selected at random from each pair and the
profiles were passed to Clustal for multiple sequence
alignment and phylogenetic reconstruction. This process was
repeated until 10 multiple sequence alignments and
phylogenetic trees were created, at which point the variability
of the alignments and trees was measured. The steps used to
evaluate the alignments are shown in Figure 1.
In order to carry out this method, a new version of the
Needleman-Wunsch algorithm had to be created.
An
implementation of the algorithm was created that output all
equally-optimal alignments. This was modified to randomly
backtrack through the matrix while ensuring that the resulting
alignment was optimal. After creating profiles for the
different alignments, the profiles were handed to Clustalw,
which performed the multiple sequence alignment of profiles.
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Figure 0: Example alignment showing equally optimal
profiles

4

Results

Perhaps the most difficult aspect of this experiment was
deciding upon a reasonable metric to quantify the impact of
the multiple sequence alignments and phylogenetic trees.
Two reasonable metrics include calculating the percentage of
identically-aligned columns and residue pairs across all
multiple sequence alignments (the latter of which reduces to
sum-of-pair score), and calculating the number of conserved
internal branches across all phylogenetic trees.
After computing full alignments based on different choices
of equally optimal profiles, the full multiple sequence
alignments were compared. Only 0.331% of the columns in
the alignments were identically aligned. Additionally, only
14.65% of residue pairs were identically aligned. It appears
that the choice of which equally optimal alignment to use
does have an impact on the alignment.
Although it is difficult to determine how large of an impact
these results may have on further biological analyses
involving these multiple sequence alignments, it is safe to say
that there is not a singular multiple sequence alignment that is
completely reliable. Admittedly, the sequences used in this
analysis do not have a large degree of similarity; if the
sequences were to have had a larger amount of homology, or
if a smaller number of sequences were used, then the expected
percentages could increase.
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Figure 3: Difference between trees inferred with different equally optimal alignments.

4.1

Phylogenetic Tree Metrics

6
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Conclusions

These studies show that equally-optimal pairwise
alignments do indeed have an impact on multiple sequence
alignment as well as phylogenetic inference. There is
sufficient evidence to reject the hypothesis that progressive
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Abstract:
Paralysis
is
broadly
characterized by the loss of muscle
control, power and movement to one or
more parts of the body. Quadriplegic is
a person with damage to the spinal cord
at a high level, resulting in sensory and
motor function impairment in all four
limbs and the trunk. It is caused by
damage to the brain or the spinal cord
at a high level C1 - C8 - in particular,
spinal cord injuries secondary to an
injury to the cervical spine. The persons
develop a dependency that limits his
possibilities and his quality of life.
Independence in his daily activities
improves notably his autoesteem and
liberates his family of an additional
responsibility. The present project
intends to identify the basic needs of
quadriplegic people and the possible
solutions using technology of infrared
tracking.

individual may still have partial
movement in one limb or several parts
of their body. One of the aims of the
project is to provide an opportunity for
persons with paraplegia seeking to reestablish themselves in community
living. The persons with limitations in
his members develop dependency from
other people, for his primary needs of
movement and common and daily
activities (Fig 1). This dependency
deteriorates his life quality and of the
person dedicated to his care. For this
limitation, the autoesteem of the person
with limitations is low, creating
psychological and physical problems
that can be solved partially by means of
some type of technology.

1. Introduction
Using the knowledge and experience
the University developed through
research and development the research
group began thinking of developing
new products for people with
quadriplegia due to spinal cord injury or
other causes. The basic needs are the
locomotion, activation of devices as
light, television, doors remote control or
communications.
Quadriplegia is a disorder where an
individual loses the use of all four
limbs: legs and arms, as well as other
parts of their body. In some cases the

Fig 1. Traditional Electric chair

Living with and managing quadriplegia
is difficult, but not impossible. Those
suffering from the condition need to be
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prepared to make changes in their life
and their home. We have an opportunity
to help on this process. The devices
designed have to take special
characteristics like low cost, control
with movement of the head, in some
cases with finger activation, good
accuracy and easily to maneuver. The
basic idea of the project consists of
develop an infrared tracking device that
allows the devices activation by means
of the movement of the head to
quadriplegic people [1].
In some cases the affected person has
the possibility of basic finger movement
that allows activating the devices like a
switch or the activation by means of a
trackball. It will be studied and will
leave the use possibility of the two
devices depending on the injury type
and the mobility possibilities [3]. The
development of this device improves
the quality of life of the affected people
and opens new alternatives for handling
different activities in this kind of
persons [2]. They hope to use these
signals to guide motorized assistance
mechanisms that restore mobility in a
specific area. The involved costs are
low, the operation capacity is simple
and his development is possible. The
prototype include a infrared tracking
system, a computer that processes the
signal from the system and a display
with the
chosen options, a power
system for the relay control and a digital
system that is the interface with the
power unit [4].
The main objective is to determine the
needs of the people with limitations of
mobility and to propose solutions with
devices bases on infrared tracking (Fig
2).

Fig 2. System proposed for the research

The specific objectives are:

3.1 To determine the primary
needs of persons with
limitations of movement
3.2 To study the possible
solutions to obtain a certain
percentage of independence
3.3 To use technology of
infrared tracking to supply
part of the needs of mobility
and devices control.
3.4 To escalate the project to
different
grades
of
incapability
(small
movements of hand, total
immobility of members...)
3.5 To realize a prototype that
allows a person with a
certain grade of incapability,
to be able to have high level
of independence with the
control of some devices and
mobility in a specific area.
3.6 A person using the final
project
to control a
wheelchair, for example,
only has to move your head
about going straight ahead or
turning left and the chair
follows their command.
However, they do not have
to worry about colliding with
obstacles
because
the
wheelchair itself monitors
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and
reacts
environment.

to

its

4 Methodological Approach
4.1 Bibliographical
review.
Allows knowing the current
advances in the devices
control for quadriplegic
systems. It allows the
comparison of alternative
systems as control with
EEG. It allows the review of
current
technologies
in
infrared systems.
4.2 Surveys in the health sector.
It allows understanding the
specific needs in persons
with these limitations. It
allows
validating
the
proposal and to determine if
there are improves in the
model.
4.3 Prototype preparation and
simulation.
4.4 Prototype
test
with
quadriplegic people and
improvement of the model.
4.5 Final prototype development
4.6 Technical test and prototype
improvement, we have done
is combine the intelligence
of the person with the
artificial intelligence of the
device.
4.7 Field test
4.8 Model improvement
4.9 Final prototype development

5 Expected Results
The final prototype improves the quality
of life of quadriplegic people. The
prototype must have the possibility of
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allowing the control of electrical wheel
chairs, of some devices connected to a
wireless control system, only by means
of the movement of the head.
We hope that the solution should be
practical, easy use and should not
generate very high costs, as well as
safety and immunity to the noise. These
characteristics allow that the system
should be robust characteristics and
easy to reproduce. The persons who
have this system must have the
possibility of easy movement in a
specific area by means of the movement
of some part of the body that still has
control.
The system has the capacity
itself to the characteristics
individual driver, and thereby
improve the efficiency with
senses the driver's commands.

to adjust
of each
is able to
which it

People, for example, do not consciously
send commands to every muscle in each
leg in order to walk and do not think
where to step to avoid an. Similarly, a
wheelchair-bound user of the project
simply has to send the signal to go in a
certain direction and the chair figures
out how to get there.
A person using the final project to
control a wheelchair, for example, only
has to move your head about going
straight ahead or turning left and the
chair follows their command. However,
they do not have to worry about
colliding with obstacles because the
wheelchair itself monitors and reacts to
its environment.
The fact that is an infrared system
allows being immune to electrical noise,
as generated by the electric chairs and
allows low costs and easy design of
engineering. These characteristics are
desirable to reduce costs and to make
the project possible.
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Abstract:The basic aim of Engineering Information
Technology is to translate scientific discoveries into
clinical applications, developing and validating new
therapies and strategies for health promotion and
disease prevention, diagnostic tools and medical
technologies for a more effective and sustainable
health care system. In Italy, the experience of
Engineering has created a platform for the ERP for
health. The latest developments of the platform AREAS
are designed for emergency management. The AREAS
EMS (Emergency Management System) has recently
been achieved using open source environments. The
main features offered by the system fit the
organizational model of health-care regional network ,
integrated with the structures of first aid. The platform
of
emergency
management
is
ready
for
internationalization,but the definition of the limits of
liability, and the determination of legal entities –
health operators, patients, are a question of debate for
new regulamentations in European framework.

Each EU country is free to implement health policies
which it believes are appropriate to the circumstances
and national traditions, but the various national policies
conform to certain basic values in common. These
include the right of everyone to benefit equally high
level of health care and equal access to quality care.
To cope with common problems, the EU spends more
than 50 million, designed to better protect the health,
including by reducing inequalities, and to give wider
dissemination to information and knowledge on
health. With these funds are financed initiatives in
areas very different from the measures in health
emergencies to those for improving patient safety and
reduce accidents and incidents.

Under the Seventh Framework Program for Research
and Technological Development, the EU will also be
spending between 2007 and 2013, fewer than 6 billion
euros for research in health. This funding not only
allow you to perform searches to benefit our health, but
also helps to promote competitiveness and innovation
capacity of enterprises and the health sector in general
in Europe.The basic aim is to translate scientific
discoveries into clinical applications, developing and
validating new therapies and strategies for health
promotion and disease prevention, diagnostic tools and
medical technologies more effective and sustainable
health
care
systems
and
more
efficient.
In this framework of promotion of technological
innovation is part of the issue of management of health,
a topic of great interest technically and legally. The
latest developments of engineering Information
technology for health talk of electronic health records
and health from a distance, as well as tools to elaborate
the health profile. The aim is to integrate processes,
share information, combine different applications
within the organization. In Italy, the experience of
Engineering has created a platform for the ERP world
of health. The latest developments of the platform
AREAS are designed for emergency management
At the base is needed more in-depth knowledge of
organizational models and business processes with the
aim to analyze and develop possible scenarios of action
and monitor performance in the managerial and
clinical. To give a clear answer to these requirements,
the H-platform (ERP Healthcare ERP), designed by
Engineering AREAS in web technology, is not limited
to administrative and management processes, but also
includes the processes of regional hospitals and
healthcare organizations. The new platform integrates
within a computer system characterized by a single
database application areas for the direction and
management with those for the production disburse
benefits and health services. AREAS makes it possible
to rapidly solve the problems of process integration,
exchange and sharing of information related to the
presence of technologies and different applications
within the main components of the organization.
The whole project revolves around the development of
electronic health records, in order to give real support
to the activities of health planning, clinical governance
and optimization of resources.

1.2 Improving Health through Research

2 AREAS Platforms

Keywords: Engineering Information Technology,
Health, Emergency Management, Privacy and
Legal Rights

1 Introduction
1.1Health is a priority for European
citizens, and therefore for the European
Union.
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2.1 The Principles of the Platform
There are four principles that have guided the design
and construction of the platform: "orientation
processes, namely the organization of work processes,
both in clinical and administrative, using business
process management and workflow management
system;specificity and usability, which guarantees,
through a modular architecture and high autonomy and
simplicity in the configuration, complete or partial
implementations of the platform and customizing high;
intelligence extended, guaranteed by the SpagoBI
platform (developed via open source from
Engineering and become world reference
of
evolutionary ideas for the whole solution.), which
provides advanced tools for analysis and
processing data into information, the generation and
dissemination
of
reports,
compliance
and
cooperativeness, through compliance with all major
industry standards (HL7, IHE, DICOM), meeting the
guidelines on SOA, EAI and EDA the presence within
the platform, an open source integration middleware
called Spagic AREAS through which communicates
with the third-party applications.
1

2.2 The Case of the Hospital San Paolo in
Milan
Among the cases of most interest to applications that
are AREAS of San Paolo in Milan, where he developed
a hospital information system (HIS) based on the
innovative paradigm of Healthcare Enterprise Resource
Planning (ERP-H.) Within the project has particular
relevance for the introduction of electronic health
records, view, for the first time, aiming at a more
articulate hospital information system (HIS) consisting
of systems and modules natively integrated with each
other (ADT, Order Entry , Block surgical, medical
records
of
hospitalization
and
outpatient).
The new SIO to manage directly from the bedside all
the main activities and clinical care (medical history
and physical examination, planning and booking of
diagnostic tests, prescribing and administering drugs,
etc. ..) and creates a level of full integration
and coordination between the various professionals
involved in clinical care, thanks to a precise definition
of
users
and
traceability
of
access.
The results were not long in waiting. The hospital has
reached a level of computerization and integration of
all activities of very large clinical area and benefit from
integration with regional networks (CRS - SISS), in
organizational terms, then, have been redesigned key
processes in'clinical area, with measurable performance
improvements (logistics of the patient) in different
areas; has been completed the system of order entry
and initiation of electronic medical records in various
departments, to include the entire structure and, finally,
started experimentingmedical records in mobility,
through the use of clinical tablet PC, in some pilot
areas. The ultimate goal is the introduction of clinical

workflow and creating a system to enable the economic
analysis of the course of treatment of individual
patients, a kind of income statement for the single
episode of hospitalization. So: from bedside to manage
all activities of clinical care: of anamnesi, prescription
and administration of therapies, from booking and
consultation diagnostic investigations, the collection of
parameters. San Paolo Hospital in Milan, the patient's
history now writes on the latest Tablet PC, supported
by a computer system is completely renovated.
Define a course of treatment tailored to the individual
patient, supported by high technology innovation and
process summarizes the strategic objective of the new
hospital information system (HIS). The renewal of the
SIO, which occurred through the introduction of the
platform Healthcare ERP "areas" of Local Authorities
Health Engineering, was founded on the introduction
of an electronic health record system to value
"business" that can express the potential of ' entire
hospital information systems, through management in
electronic form, as told directly by the patient's
bedside, all major activities of the clinical care path of
care.

2.3 The Whole History of the Patient
Very soon it will be possible to provide the medical
personnel can access the entire patient's medical
history, having available all information related to
previous hospitalizations. The tool also allows you to
implement the integration and continuity of care
between different industrial, such as different areas of
housing and services, and other professionals, thereby
ensuring a sharing of information about the patient
even
at
a
distance
and
time real.
With the electronic health record made, the acceptance
of the patient is in a fully automated, thanks to
integration with the Regional Information System
CRS-SISS. At the time of, the information system
coded nosological, which uniquely identify the patient
all the way inside the hospital. Once done the shelter,
all clinical activities and care are carried out and
recorded at the bedside through the use of your
notebook or Medical Mobile Assistant, a latestgeneration Tablet PC designed specifically for clinical
activity and is currently being experimentation in
operational units of Cardiology and Intensive Care
Cardiology (UTIC).

2.4 The Prescription Intervention
For the initial assessment of the patient, the doctor uses
the functionality of electronic medical records and may
have information about previous hospitalizations, visits
and laboratory tests at the hospital. In particular, the
doctor can perform the requirements in electronic form
with immediate reporting of any incompatibilities
between drugs, allergies and intolerances, thus
reducing the risk of error at the prescription. All
activities for prescription, administration, requests for
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diagnostic tests, detection of vital signs and clinical
observations are automatically reported in the journal
Clinical, allowing full traceability of the course of
treatment. Thanks to the unique system of Order Entry
created, you can submit requests to the laboratory tests
and display in real time the report is in PDF format or
as structured data, directly into the electronic health
record. The programming and management of surgery
in the surgical group, occurs in electronic form only,
through the ability to book direct intervention by the
Unit Operations. In the surgical area, you can then
immediately obtain medical records in the minutes of
surgical anesthesia and the card.

2.5 The Extension of the Project
The electronic medical record, implemented at the
Azienda Ospedaliera San Paolo, will facilitate the
coordinated management of the therapeutic course,
creating a unique work environment and shared by the
doctor and nurse. In real time and in any area of the
hospital, you can obtain the patient's medical history,
view reports and diagnostic investigations to identify
clearly all healthcare workers intervened in the path to
a
renewed
organizational
integration
and
professional. In the near future is expected to be
extended to all electronic medical records business
realities, with the introduction of images through
modern RIS-PACS, to complete the path of
technological innovation and to support the
development of an organization that sees more More
hospital rotate around the patient.

3 The Project in brief
• Redesign and optimization of care processes in
accordance with the standards of Quality Joint
CommissionInternational
• Integrated management of the route of patient care
and simultaneous reduction of clinical risk
• Implementation of a comprehensive and SIO natively
integrated
in
all
its
main
components
• Introduction of a single medical record at the
enterprise level with a high likelihood for single
specialtyverticals
• Testing of medical records in mobility in Medical
Tablet PC

3.1 Legal Profiles
Highlights on legal aspects are suggested as matter of
concerns:. in the interests of trans-nationalization of
health management, the legal emerge primarily the
issue of data protection and privacy of the patient.
The Problem is of broad interest and need in-depth
especially when one considers the circumstance of the
different legal treatment of privacy in the world and,
conversely, the now frequent circumstance of moving
patients to medical facilities located in other countries,

by
necessity
or
mere
personal
choice .
Similarly, from the point of view diametrically
opposite but complementary way is the appearance of
occasionally present in a foreign country (for leisure or
on vacation) who is being hospitalized in a facility in a
country sometimes very distant and culturally very
different .
Without going in appearance, equally interesting, part
of the cultural and religious identity and the limits that
sometimes requires medical treatment and the use of
personal information, the purpose of this is simply to
raise a number of issues that must necessarily be
answered in transnational or supranational laws.
If you think it is not only the issue of sharing of
information, all available on electronic health records,
some of which are strictly technical, it will be
necessary to assume different levels of accessibility
and a patient's general informed consent for the
transmission
and
"publication"
in
its
significance original to make public or available to
more people. Also: of primary interest appears to be
the right or at least the ability to recognize the patient
access to their medical records. Here, the
computerization of the folder is some solution,
however, sees the need to regulate what the patient can
access, how (the data are his or, as seems to belong to
them but the hospital has developed and
structured?) . One more food for thought: if the
information available to the patient it was possible to
infer the usage and characteristics of some technologies
used, SAA must provide rules and limits for the
protection of the law or for knowledge transfer.
In the meantime, it will certainly be at least need a
protocol devised by the legal health facilities in
accordance with the software companies that create
platforms.
Only with an agreed protocol is possible, in fact, move
forward and solve all the problems anticipated.
To this must necessarily be followed by a training
system operators and a characterization of them as
personnel responsible for the processing of sensitive
data when in fact, today some are useful and accessible
only to certain subjects, the platform provides
computerized
medical
file, to However,
the
accessibility and the possibility of additions and
changes to the work of nurses and doctors, specialists
or not, which care the patient all cure long, from
diagnosis to cure. Finally, a mention of the recent
development of AREAS on the management of
emergencies. The medical emergency in Italy is
organized on a territorial basis by involvement of
provincial and Operation Centers over provincial,
sometimes linked in the same region. The central
receiving distress calls and coordinate the intervention
of the media, according to the protocol established by
Presidential Decree of 27/3/1992. Ambulances used for
emergency / urgent territorial allow you to make both
the activity of first aid medical treatment during
transport of patients. The evolution of this
organizational model is oriented towards a regional
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network, where the individual is a provincial central
actor in a broader context.

3.2 The AREAS EMS
The
computer
system
of
central
Areas Emergency Medical System (EMS), developed
by Engineering Ingegneria Informatica, is a highly
versatile modular product that can be adapted easily to
different requirements of each central emergency
care. It 'been done taking into account the experience
gained from collaboration with end users. EMS allows
you to manage all operations of its operations center
for emergency medical transport and programmed. The
product combines very efficiently the sophisticated
information technologies and telecommunications, with
the ease of use. EMS stands as targets to increase the
effectiveness and efficiency of service provided by a
central emergency operational security, facilitation of
cooperation with the territorial structures that
contribute to provide relief. It also supports the central
coordinators in evaluating the performance through
statistics on the data. EMS achieves these objectives by
optimizing the resources of Central via the automation
of operational procedures and the use of databases that
allow you to quickly identify the location of the event
and the nearest health facility and more suitable for
instrumental equipment and / or type of clinical units
that exist within it, to welcome patients to acquire
information on the clinical condition of patients relief
and transfer them to the department of housing.
EMS consists of several modules connected logically
with each other but "technically" independent covering
the full range of activities under the emergency care
and can assist decision-operator at various stages of
management. Here the main features offered by the
system:
• Allows the location of the event location assisted by
full text search capabilities, derived from the best
search engines on the Web by integrating the display of
the territorial question through the system mapping
(GIS), owner and / or interface Google Maps .
• Provides a wizard during the telephone interview,
supporting the operator in the evaluation of the event
through a dispatch-based clinical protocols,
configurable and tracking all the information collected.
• proposes the intervention of the most suitable type
and proximity to the place of the event, followed all the
stages of management. Telematics with the media
allows for constant tracking of the position detected by
the GPS board and sending two-way information
between central and a half (event data, patient clinical
information,
etc.)..
• Support in search of accommodation facilities
suitable for receiving the patient and verify the
availability
of
necessary
resources.
• integrate the phone system providing access to
telephony features directly from the computer system.
• Make a record of all transactions carried out,
accompanied by the date, time and user name that
performed
the
action.

• Allows the production of statistics-oriented activity
monitoring, clinical data and control costs.
EMS incorporates all the functionality necessary to
access and interact with communications devices
(telephone and radio) and alphanumeric databases, and
cartographic vector through the same workstation,
using only the keyboard and mouse.

3.3 Technology
EMS has recently been achieved using open source
environments, starting from over ten years of
Engineering in Computer Engineering of the
emergency health care. Based on Java SE and
completely designed with a 3-tier architecture, SOA,
ensures very low response times, in line with the
requirements of a mission critical, real-time.
The user interface consists of graphic objects, breaking
down the paradigm of Web 2.0 (Rich Internet
Application).
The level of data persistence is based on Hibernate
technology, ensuring independence from the native DB
(compatible with leading RDBMS market).
The whole system is multilingual both in the user
interface
to
database
(native
support
for
internationalization
I18N).
E 'compatible with major browsers (Internet Explorer,
Mozilla,
Chrome,
Safari,
...).
The data warehouse environment was based on Spago
BI.
EMS integrates the main telephony systems and
telematics communication with the media (radio,
GPRS, HSDPA, ...)

3.4 EMS and the Regional Network Model
The use of a computer system is a prerequisite for
optimally managing the emergency service and make
the flow of interoperability between stations at regional
level, creating a communication network having as a
common basis for land management, with mapping
andcommunication systems to and from mobile
resources and citizens, virtually unique in the whole
basin
region.
Besides the benefit of higher quality and ubiquity of
resources activities in the territories, the regional
network is a guarantee of savings on communication
and information system on land resources, from
helicopters to ambulances and aircraft systems. The
coordination of transportation services planned or built
into interospedaliero medical emergency is a strong
element of cost control. A further operational
advantage derived from sharing all information
between the central administration at regional level.
The architecture and web service-oriented EMS fits
this pattern of local spread, enabling remoting all the
features. Similarly allows to centralize computing
resources
(DB,
application
server,
…).
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The main features offered by the computer system
engineering related to the organizational model of
regional
network
are
as
follows:
• Land management for large areas with possibility of
organizing different logical views for resources,
assistance
and
territory.
• Communication scalable applications with the
resources deployed on the territory (ambulances, PTE,
helicopters, GM, operations centers), making clear the
channel of transmission. Ability to mobilize all the
resources connected and view real-time information
between all the plants and the resources at regional
level.
• Backup between power, with the possibility of
replacement of a power plant in case of failure or
planned activities, redirecting all communications
(telephone, radio, etc..) Between the central and the
territory.
• Mapping the only regional, with the possibility of
reconstruction assistance “attention” and display the
route and timing. Form of decision support real-time
visualization of the positions of all the means in action.
• System statistics and Dashboard on two levels: for the
operations center and regional levels.Data warehouse
for analysis of the effectiveness of health interventions
and studies specific to different types of emergency
according to the disease, with detailed analysis of all
data surveyed during surgery. Data analysis system
with integrated mapping for planning and optimization
of
the
spatial
distribution
of
resources.
• helicopter coordination system, with data collection
action.
• Integrated with the structures of first aid and
hospitalization for the availability of beds.

4 Legal Profiles
Even here, a brief mention of some issues that may
arise,
as
minimum
in
European
reality.
The platform of emergency management is ready for
internationalization. This means the export of
technology and, in future, even trans-national link for
emergencies of particular relevance or specificity.
In this respect will be of primary importance is the
definition of the limit of liability, or the determination
of legal entity to which it will head to outline the legal
responsibilities
and
will
provide
reports.
Consider, for example, if a call handled by the Italian
platform see in Italy involving a French citizen who
wishes to be hospitalized in Germany. The
identification of certain limits and powers will also rely
on the willingness of the patient, the real medical needs
and an agreement to delineate very clearly the
boundaries of responsibility of those involved.

1 1 on technology, the platform "SpagoBI" presents itself as a
Web portal that allows you to define a complex
behavioral model, which adjusts the visibility of

documents and data, allowing each decision maker to
obtain the information more consistent with the role of
government, characterized by the right level of synthesis /
analysis and appropriately selected. This is indeed a
business intelligence system "collaborative." In addition
to ensuring a balanced growth of the project in time, the
behavioral model allows not only to process and query
data from many users with the primary aim of improving
decision-making, but also to encourage and support a
useful process of business communication. This is
stimulated collaboration between the OU and
Control Management, both as regards the improvement of
information assets, both for the individual (with the
advisory support of Engineering)
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The β-adrenergic Receptor:
A case study in modeling a GPCR in a cell biology class
1
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Abstract - Epinephrine binding to the β-adrenergic receptor,
a G-protein coupled receptor (GPCR), in muscle cells
initiates a signaling pathway, activating adenylate cyclase,
and, via production of cAMP activating protein kinase A,
mediates glycogen metabolism. Continued stimulation
triggers feedback inhibition through (among other
mechanisms) activation of the β-adrenergic receptor kinase
(BARK). This pathway is a well-understood representative of
GPCR pathways, clearly illustrating chemical principles
including binding affinity, allosteric regulation, diffusionlimited reactions, enzyme kinetics, and inhibition. I use two
computational approaches in an introductory cell biology
excercise: modeling the signaling pathway using
AgentSheets® or NetLogo® and a bioinformatics investigation
using a BLAST search of the Protein Data Base. This
provides the students with an interactive investigation of both
the signaling cascade and a case study in bioinformatics. In
addition, upper level students participate in creating the
computational modules, building on their understanding of
both molecular processes and computer modeling.

The β adrenergic receptor is a member of the GPCR
family, a group that also includes the α adrenergic receptor, a
GPCR that is homologous to the β adrenergic receptor, binds
to the same ligand, but induces a different physiological
response. Therefore, this system also provides an opportunity
to investigate the gene sequence s of these tow proteins
utilizing BLAST sequence comparisons to explore
experimental strategies in bioinformatics.

Keywords: computational modeling, bioinformatics, student
investigation

1

Introduction

Signaling pathways mediated by G protein coupled
receptors (GPCRs) are a critical component of understanding
cellular processes for students in introductory cell biology.
Epinephrine binding to the β-adrenergic receptor initiates one
such series of interactions, resulting in the activation of
cAMP dependent protein kinase A which, in turn, acts as a
regulator of biochemical pathways including glycogen
metabolism, promoting glycogen breakdown to release
glucose and inhibiting glycogen synthesis. The binding of the
ligand to the receptor activates the Gs protein, dissociating the
α subunit which in turn activates the effector enzyme protein
kinase A (Figure 1, 1). This series of interactions presents
conceptual difficulties for many students, particular centered
on the interrelationship of the biochemical pathways and an
understanding of the amplification of signal in the cascade.
Computational modules present an opportunity for students to
investigate these complex pathways in the laboratory.

2

Computational modeling and BLAST
sequence comparisons

As students learn about signaling pathways, building an
understanding from the static two dimensional representations
in textbooks and on slides can be difficult, particularly
because the dynamic system interactions require visualization
of three-dimensional interactions over time. Involving the
students in interactive exercises facilitates learning through
building a framework of understanding and helping to prompt
the students to logically progress through each stage of the
signaling mechanisms, considering the molecular interactions
at each step of the process. Similarly, following a process of
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inquiry through sequence comparison provides a vehicle for
promoting deeper understanding of the algorithms for
sequence comparison and the knowledge that can be gained.
Finally, employing advanced students to develop these
computational modules provides an opportunity for these
students to build their own computational modeling expertise.

2.1

Modeling with AgentSheets

AgentSheetsTM is an agent (turtle) based modeling
system, permitting the user to generate a series of “agents”
that respond to programming instructions. In modeling of the
signaling cascade initiated by epinephrine binding to the βadrenergic receptor, the “agents” correspond to epinephrine
(the ligand), the Gs protein, adenylate cyclase and the βadrenergic receptor. The programming instructions direct the
release of ligand and the initiation of the cascade and the
AgentSheetsTM program depicts a visualized representation of
these events. This visualization illustrates the amplification
of the signal in the cascade.

2.2

Modeling with NetLogo

NetLogoTM (Uri Willensky) permits continuous
modeling of the interactions of complex systems.
This
permits an examination of the kinetics of each stage of the
interaction based on published parameters. I have worked
with upper level undergraduate students to develop these
models, with the most complete model focusing on the
activation of cAMP dependent protein kinase A. This model
provides an interactive venue for students to make and then
verify predictions about the activity of protein kinase A, using
a model based on the published parameters of protein kinase
A (2, 3, model unpbublished).

2.3

BLAST sequence comparison

The β-adrenergic receptor is also illustrative of the
relationships among protein sequence, structure and function.
Students can develop an understanding of sequence similarity
and the methods for computing similarity scores and can
conduct BLAST sequence comparisons using the Protein Data
Base (4). Individual exercises within the model build an
understanding of the underlying algorithms as described by
Durbin, et al. (5), Needleman and Wunsch (6) and Smith and
Waterman (6). Identification of conserved sequences in turn
facilitates identification of key conserved functional regions
of the protein such as the epinephrine binding site and the
intracellular loop that interacts with the Gs protein. The
presence of these conserved regions illustrates the modular
construction of functional units within proteins. Through
comparison of the sequences of the α and β adrenergic
receptors, students complete independent explorations in
bioinformatics.

3

Conclusions

Direct experience with computational strategies for
investigating complex biomolecular systems provides
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students with an opportunity to learn both the system and to
learn strategies in bioinformatics and computational
modeling. A combination of pre-prepared models and those
developed by upper level students provides an integrated
opportunity for undergraduate students at each stage in their
education.
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