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Abstract— Entities of the real world require partition into
groups based on even feature of each entity. Clusters are
analyzed to make the groups homologous and well separated.
Many algorithms have been developed to tackle clustering
problems and are very much needed in our application area of
gene expression profile analysis in bioinformatics. It is often
difficult to group the data in the real world clearly since there
is no clear boundary of clustering. Gene clustering possesses
the same problem as they contain multiple functions and can
belong to multiple clusters. Hence one sample is assigned to
multiple clusters. A variety of clustering techniques have been
applied to microarray data in bio-informatics research. We
have proposed in this paper an easy to implement evolutionary
clustering algorithm based on optimized number of
experimental conditions for each individual cluster for which
the elements of that group produced similar expression and
then compared its performance with some of the previously
proposed clustering algorithm for some real life data that
proves its superiority compared to the others. The proposed
algorithm will produce some overlapping clusters which reimposes the fact that a gene can participate in multiple
biological processes.
Keywords-Bioinformatics; Clustering; Microarray; Genetic
Algorithm; Optimization.

I.

INTRODUCTION

In cluster analysis one wishes to partition entities into
groups based on given feature of each entity, so that the
groups are homologous and well separated. Clustering, or
class discovery, is an unsupervised problem, in that there is
no response measurement available for the items to be
grouped. The records in a cluster behave similarly on the
basis of some feature. Many algorithms have been
developed to tackle clustering problems in a variety of
application domains. Bioinformatics is such a domain that
needs clustering with its every footprint. Cluster analysis is
the far most used technique in gene expression analysis. It
can be performed to identify genes that are regulated in a
similar manner under a number of experimental conditions.
It is often difficult to group the data in the real world
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clearly, since often there are no clear boundaries of clusters.
Clustering genes, which contain multiple functions and
belong to multiple clusters, is a representative example.
Since overlapping clustering method assigns one sample
(gene) to multiple clusters according to their participation in
multiple (biological) processes, it is more appropriate for
analyzing gene expression profiles. General clustering
algorithms have common problems in that they are very
sensitive to initial values and generally the number of
clusters often needs to be fixed before analyses are
performed. So, it is difficult to analyze the data correctly
without previous knowledge. It takes much time and cost to
cluster the data, if there is no prior information of the
number of clusters. There is also a problem of validating
cluster results. Since gene expression profiles are variable
depending on experiments and environments from which
they were collected, it is not proper to validate them by a
single criterion.
A variety of clustering techniques have been applied to
microarray data in bioinformatics research. In this paper, we
propose an easy to implement overlapping evolutionary
clustering algorithm based on optimized experimental
conditions (ECoEC) and compare its performance with
previously proposed clustering algorithm for three actual
data. Our proposed algorithm will produce n overlapping
clusters for n genes or record sets. So, the biological fact,
that a gene can participate in multiple biological processes,
is supported by our algorithm. Though, the microarray data
are very noise prone and sometimes absent for some
attribute, the proposed technique gives very good measure
of similarity as it doesn’t consider all the attributes as a
whole.
A major use of microarray data is to classify genes with
similar expression profiles into groups in order to investigate
their biological significance. Generally, the statistical
performance of a clustering algorithm degrades as the
records under a cluster have a significant possibility to
belong in other clusters. Our algorithm is an overlapping
clustering algorithm, so that a record may belong to more
than one cluster. In that case if we try to evaluate the
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performance of our algorithm in the similar manner as the
non-overlapping algorithms, it may exhibit poor result. So, at
the time of performance evaluation, we used another
algorithm to select only those clusters that are less correlated
and then evaluated the performance of our algorithm using
Silhouette Index measure.
II.

ܥǡǡ ൌ  ൛ݎ ȁሺหܸǡ െ ܸǡ ห  ܮǡ ሻൟ

THE PROPOSED ALGORITHM

This algorithm considers each attribute/experimental
conditions individually, that is, it creates M different
microarray data set, from an N gene-M attribute data set,
each having n genes and only one attribute/experimental
condition. Then it creates clusters for each of the m data set
with respect to a particular range of value for every Gene.
At the next stage the algorithm considers a subset of
attribute set for each individual genes and maximizes the
common (intersection) gene count and attribute count
product for each individual gene. The result explores n
number of overlapping clusters with different attribute set
and a range of values for each attribute of those derived
attribute set, which can further be used to classify a new
gene that wants to participate in the clustering process
without actually rerunning the clustering process and that
would be a fairly good classification when the total number
of previously existing genes (in the microarray data set) is
good enough. At last the algorithm selects the most
prominent and highly uncorrelated clusters from the
resultant N clusters.
While describing the algorithm the text uses ‘record’ in
space of ‘gene’ as record is a more generalized term and
gene is a record of this particular application.
Consider that the Microarray, under process, has N
Genes/records and at most M attributes for each
Gene/record.
The algorithm uses some user defined constants as
follows.
Set ܷ as the highest Crossover probability.
Set ܮ as the lowest Crossover probability.
Set ܷெ as the highest Mutation probability.
Set ܮெ as the lowest Mutation probability.
Set  as the population size of the Genetic Algorithms.
Assume that  is a user defined constant for an
application dataset which can be used to increase/decrease
element count in a cluster (by decreasing/increasing it) but
the resultant cluster will loss/gain precession as it used to
accommodate/reject crude similarity.
Let, ݎ is the ݊௧ record of the record set. i.e.,ݎ  ܴ אൌ
ሼݎଵ ǡ ݎଶ ǡ ǥ ǡ ݎே ሽ. ܸǡ is the value (gene expression value in
that case) of the ݊௧ record for ݉௧ attribute. And ܮ is a
real value for attribute m, where  ͳ  ݊ ݊  ܰǡ
หݔܽܯ൫ܸǡ ൯ െ ݊݅ܯሺܸǡ ሻห  ܮ . Then the ݊௧  cluster,
centering ݎ ǡfor an attribute subset  ك( ܵܣሼܽଵ ǡ ܽଶ ǡ ǥ ǡ ܽெ ሽ)
can be defined as follows.
ܥǡௌ ൌ ځאௌ ൛ݎ ȁሺหܸǡ െ ܸǡ ห  ܮ ሻൟ

Now, there may be many values of ܮ at the time of
optimization of ܮ for each individual single attributeܽ. So,
the cluster, centering ݎ for a single attribute ܽ ( א
ሼܽଵ ǡ ܽଶ ǡ ǥ ǡ ܽெ ሽ ) and for the ݅ ௧ value ofܮ , i.e., ܮǡ , can
be redefined as follows.

(1)

Let ܿܿݎǡௌ  is the element/record count of ܥǡௌ  and
ܽ݊݁ݏௌ is the element/record count of attribute subsetܵܣ.

(2)

And
ܿܿݎǡǡ as the element/record count of ܥǡǡ Ǥ
Let there is a set of ܮ௧௧ (ൌ ൛ܮ௧௧ǡଵ ǡ ܮ௧௧ǡଶ ǡ ǥ ǡ ܮ௧௧ǡூ ൟሻ.
Then the Standard Deviation of the set ߪ can be used to
terminate the GA of the first stage. The Standard Deviation
of the set of ܮୟ୲୲୰ is defined as follows.
ು

ߪ ൌ

ು

ඨσసభቆೌೝǡି൬σೕసభ

మ
ಽೌೝǡೕ
൰ቇ
ು

ூ

 ͲǤͲͲͳ

(3)

A. Attribute Value Range Optimization
FOR each individual attribute ܽ ݎݐݐൌ  ܽଵ ܽݐெ
BEGIN
/* Use the following Genetic Algorithm to minimizeܮୟ୲୲୰ .
*/
1) Initial population generation: Generate a set of
randomly chosen IP number of ܮ௧௧ . Such as
൛ܮ௧௧ǡଵ ǡ ܮ௧௧ǡଶ ǡ ǥ ǡ ܮ௧௧ǡூ ൟ.
2) REPEAT WHILE
ߪ Ͳ ǤͲͲͳ /* Untill the
chromosome
saturates */
BEGIN
a) Reproduction: Reproduction is done by the
following two stages.
• Crossover: Use single point crossover with a
randomly generated probability within the
rangeሾܮ ǡ ܷ ሿ.
• Mutation: Use single bit mutation with a
randomly generated probability within the
rangeሾܮெ ǡ ܷெ ሿ.
b) Fitness function: The fitness of the ݅ ௧
population, which is the most important concept
of the algorithm, is defined as follows.
ܨଵ ൫ܮ௧௧ǡ ൯ ൌ

σಿ
సభ൫ǡೌೝǡ ିଵ൯
ೃು

ଶൈ൫ೌೝǡ ൯

(4)

/* the equation tries to allocate maximum
records in minimum attribute value range. */
c) Selection procedure: Use Roulette Wheel
selection scheme to select the candidates of the
population to participate in the next generation.
END WHILE
END FOR
At this point, the algorithm produces a set of M different
optimized range of attribute value  א ܮሼܮଵ ǡ ܮଶ ǡ ǥ ǡ ܮெ ሽ for
each M different attributes.
In the following stage, the algorithm maximizes the
number of attributes in the subset of attributes for which a
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cluster can accommodate the maximum number of records
in a cluster. To do so, it again uses Genetic Algorithm.
Set ܷி and ܮி as the highest and lowest probability
attribute removal/addition respectively.
Let FPOWER, CPOWER and MaxFech be three user
defined constants, where the first two have been used for
defining the fitness function of this GA stage and the last
one is specifying the maximum number of attributes that can
be allowed to form a chromosome at this stage.
In the following part of the algorithm we used
chromosome saturation to terminate the GA.. To do so we
need to define one chromosomal distance function as
follows.
ܦௌೝ ǡௌೕೝ ൌ ܽ݊݁ݏቂቀௌ ೝ ିௌ ೝ ቁቀௌ ೝ ିௌ ೝ ቁቃ
(5)


ೕ

ೕ



The above equation estimates the chromosomal distance of
two chromosomes ܵܣ  and ܵܣ . Here a chromosome
ܵܣ is a subset of attribute setሼܽଵ ǡ ܽଶ ǡ ǥ ǡ ܽெ ሽ.
Now, if the Standard Deviation ߪ of the above defined
chromosomal distance for the population of a generation is
less than or equal to 0.001 then the GA terminates.
B. Attribute Subset Optimization
FOR each individual record  ൌ ଵ 
BEGIN
1) Initial population generation: Generate IP number of

attribute subset ܵܣଵ ǡ ܵܣଶ ǡ ǥ ǡ ܵܣூ
from the
attribute set ሼܽଵ ǡ ܽଶ ǡ ǥ ǡ ܽெ ሽ , where each subset
contains at most MaxFech number of attributes. /*
These attribute subsets will act as the chromosomes
in that stage of GA. */
REPEAT WHILE ߪ  Ͳ ǤͲͲͳ
BEGIN
a) Reproduction: Reproduction is done by the
following two stages.
• Crossover: Chromosomes are selected for
crossover using the randomly generated
probability within the rangeሾܮ ǡ ܷ ሿ.
At the time of crossover two parents are
chosen from the selected list. Then some
attributes of one parent chromosome are
removed depending on a randomly generated
probability within the range ሾܮி ǡ ܷி ሿ . Now,
some attributes are chosen from the spouse
chromosome, using the randomly generated
probability within the range ሾܮி ǡ ܷி ሿ, and added
with the spliced chromosome, maintaining the
constraints that the resultant chromosome can
not contain more than MaxFech no of attributes
and no duplicate attribute should exists, and
thus forming one offspring. Considering the
spouse chromosome for removal we can
generate the other offspring.
• Mutation: If a chromosome is selected, using
randomly generated probability within the
range ሾܮெ ǡ ܷெ ሿ, for mutation then any attribute,
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chosen randomly, is replaced by the rest of the
attributes available.
b) Fitness function: The fitness of ݅ ௧ chromosome
ܵܣ  of the population is evaluated by the
following equation.
ܨଶ ሺܵܣ ሻ ൌ ൫ܿܿݎǡௌೝ ൯

ைௐாோ

ൈ ൫ܽ݊݁ݏௌೝ ൯

ிைௐாோ

(6)

c) Selection procedure: The selection of next
generation chromosomes is done by the Roulette
Wheel selection scheme.
END WHILE
END FOR
Here the algorithm has n different attribute subset for
each individual record which implies n different clusters.
C. Cluster Selection
1) Reject the clusters with single record only.
2) Reject a cluster ܥǡௌ ೝೕ , if for any ܥǡௌ ೝ , and ij the
following condition holds.
ቀܥǡௌ ೝೕ ܥ كǡௌ ೝ ቁ ܽ݊݀ሺ ܵܣೕ  ܵܣ ك ሻ
3) Assign ranks to the remaining clusters according to
their fitness defined as follows.
ܨଷ ሺܵܣ ሻ ൌ ܿܿݎǡௌೝ ൈ ܽ݊݁ݏௌೝ
(7)
4) Arrange the clusters in descending order according to
their rank.
5) Initialize an empty set SC to maintain the selected
cluster’s list.
6) FOR each remaining clusters starting from the
highest rank
BEGIN
If the median of this cluster is uncorrelated by at
least a user defined parameter CF with the
median of all the clusters in SC then
BEGIN
Add this cluster with SC.
ELSE
Reject this cluster.
END IF
END FOR
The clusters in SC are the evolved clusters of the whole
algorithm. So, finally the algorithm produces some
overlapping clusters with some rules for each cluster, which
can further guide a record to be a member of some particular
clusters depending on its attribute value.
III.

EXPERIMENTAL RESULTS

A. Experimental Data
To evaluate, the performance of this overlapping
evolutionary clustering algorithm with optimized
experimental conditions, we have tested our algorithm with a
simulated dataset and some real dataset described below.
1) Ad400_10_10: This is a simulated synthetic dataset
generated as in Yeung et al. (2001). This data set has 400
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genes each consists of 10 different attributes. The data set
has 10 clusters; each contains 40 genes, which represents
ten different expression patterns.
2) Yeast Sporulation (Chu et al., 1998): This is a 6118
gene-7 attribute microarray dataset collected during the
sporulation process at different time point (0, 0.5, 2, 5, 7, 9
and 11.5 h) of budding yeast. The data are then logtransformed. The Sporulation data set is publicly available
at the website http://cmgm.stanford.edu/pbrown/sporulation.
Among the 6118 genes, the genes whose expression levels
did not change significantly during the harvesting have been
ignored from further analysis. This is determined with a
threshold level of 1.6 for the root mean squares of the log2transformed ratios. The resulting set consists of 474 genes.
3) Human Fibroblasts Serum (Iyer et al., 1999): This
data set contains the expression levels of 8613 human genes.
The data set has 13 dimensions corresponding to 12 time
points (0, 0.25, 0.5, 1, 2, 4, 6, 8, 12, 16, 20 and 24 h) and 1
unsynchronized sample. A subset of 517 genes whose
expression levels changed substantially across the time
points have been chosen (Eisen et al., 1998). This data set
can
be
downloaded
from
http://www.sciencemag.org/feature/data/984559.shl.
4) Rat CNS (Wen et al., 1998): The Rat CNS data set
has been obtained by reverse transcription-coupled PCR to
examine the expression levels of a set of 112 genes during
rat central nervous system development over 9 time points.
This
data
set
is
available
at
http://faculty.washington.edu/kayee/cluster.
Each data set is normalized so that each row has mean 0
and variance 1 (Z normalization).
B. Performance Metrics
For evaluation of the performance criteria we used
Silhouette Index measure for the real life data set.
1) . Silhouette index: Silhouette index is a cluster
validity index that is used to measure the excellence of any
clustering algorithm output. Suppose ݀ሺ݅ǡ ܥሻ is the average
desimilarity (distance) of ݅௧ record (gene) and all
(excluding ݅, if ݅  ) ܥ אrecords of cluster C. Consider that
there are K clusters (ܥଵ ǡ ܥଶ ǡ ǥ ǡ ܥ ) and ݅ ܥ א . If ܽሺ݅ሻ ൌ
݀ሺ݅ǡ ܥ ሻ and ܾሺ݅ሻ ൌ ݉݅݊ሺ൛݀൫݅ǡ ܥ ൯หͳ  ݆  ݆݇ܽ݊݀ ് ݎൟሻ
then silhouette width ݏሺ݅ሻ of the ݅௧ record is defined as:

ݏሺ݅ሻ ൌ

ሺሻିሺሻ
௫൫ሺሻǡሺሻ൯

are similar. In our representation, the genes of same cluster
are placed in consecutive rows, so that the cluster quality
can be visualized easily. The cluster boundaries are
seperated by white colored blank rows.
3) Cluster profile plot: The cluster profile plot shows
the normalized gene expression values of the genes of a
cluster with respect to the time points. The median of
expression values of the genes of a cluster over different
time points are shown as a thick black line.
C. Results
The parameter settings, which have been estimated by the
performance metrics, for the Yeast Sporulation Human
Fibroblasts Serum and Rat CNS data are listed below (i.e.,
in Table I, II & III). We have executed the algorithm for 50
times for each different RoP over the Yeast Sporulation
dataset and the optimized attribute value range, found in
maximum optimization after the first stage (ie II. A.) of the
proposed Algorithm are listed in Table II.
To test performance of the algorithm, we executed this
for consecutive eleven time on Yeast Sporulation, Human
Fibroblasts Serum and Rat CNS data with the specified
parameter setting (i.e., in Table I, II & III respectively). We
have calculated the Silhouette Index of the resultant clusters
of this eleven run and the result of the run whose Silhouette
Index ranked median is selected to be displayed in this
article. We have compared these results with other’s in
terms of silhouette index and number of clusters (i.e., in
Table V).
As stated earlier, changing the parameter RoP can change
the optimized attribute values and thus can change a lot in
the result. The variation of the optimized attribute value, for
the Yeast Sporulation data, has been described by Fig. 1.
Increasing RoP will decrease the optimized attribute
value for all the attributes and hence the number of Genes,
participating to form a cluster, is going to decrease but the
gain is that the precession will increase by only allocating
the closely related genes in a cluster. And that is further
going to increase the number of clusters also. So, varying
RoP, the user has to trade of between number of cluster and
number of genes in a cluster.
The cluster profile plots and the Eisen plot for Yeast
Sporulation data is given in Fig. 2.
Table VI shows the attribute value rules of the Cluster 1
and Cluster 2 evolved in the selected (stated earlier) run.

(7)

And silhouette index ܵ݅ ൌ ݉݁ܽ݊ሺሼݏሺ݆ሻȁͳ  ݆  ܭሽሻ .
The maximum value of Silhouette Index is +1, which
represents best clustering solution and the minimum is -1
that represents the worst.
2) Eisen plot: The Eisen plot is a graphical
representation of the normalized gene expression values for
each gene. In Eisen plot, each row consists of M number of
cells to represent M different attributes, where each is
colored depending on the corresponding attribute value.
Thus, if the genes of a cluster are assigned in consecutive
rows then that part will look similar as the cluster elements

TABLE I.

PARAMETER SETTING OF ECOEC FOR YEAST
SPORULATION DATA

UC LC UM LM UF LF RoP IP CF CPOWERFPOWERMaxFech
0.8 0.7 0.15 0.1 0.8 0.6 0.75 20 0.65
1
7
7

TABLE II.

PARAMETER SETTING OF ECOEC FOR HUMAN
FIBROBLASTS SERUM

UC LC UM LM UF LF RoP IP CF CPOWERFPOWERMaxFech
0.8 0.7 0.15 0.1 0.8 0.6 0.75 20 0.65
1
13
13
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TABLE III.

PARAMETER SETTING OF ECOEC
C FOR RAT CNS

UC LC UM LM UF LF RoP IP CF CPOWER
RFPOWERMaxFech
0.8 0.7 0.15 0.1 0.8 0.6 0.8 20 0.65
1
9
9
TABLE IV.
t0
0.383

OPTIMIZED ATTRIBUTE VALUE OF ALL ATTRIBUTE OF
YEAST SPORULATION DATA

t0.5
0.515

t2
0.723

t5
0.805

t7
0.267

t9
0.462

t11.5
0.431

TABLE V.
SILHOUTTE INDEX AND NUMBER OF EVOLVED CLUSTERS
FOR REAL LIFE DATA SETS AND COMPARISON WITH OTHER ALGORITHM
Algorithm

Yeast Sporulation
NC

ECoEC
SiMM-TS[2]
IFCM[2]
VGA[2]
Average Linkage[2]
SOM[2]
CRC[2]
a.

a

6
6
7
6
6
6
8

Si

b

Human
Fibroblasts Seruum
NC

0.8379
0.6247
0.4755
0.5703
0.5007
0.5845
0.5622

8
6
8
6
6
6
10

a

Si

0.5410
0.4289
0.29995
0.34443
0.30992
0.3235
0.31774

NC is the number of clusters

IV.

b

b.

Rat CNS
NCa

Sib

7
6
5
6
6
6
4

0.5901
0.5239
0.4050
0.4486
0.3684
0.4122
0.4423

Figure 1. Change of optimized attribute value with with respect to RoP.

Si is the Silhouette Index

CONCLUSION

Structural genes are controlled by regulaatory genes. The
proteins encoded by these regulatory genees are capable of
binding to the cell's DNA near the promooter sequences of
the structural genes to turn on or off tthe transcription
processes depending on the chemical envvironment of the
cell. But the binding site of a gene may alsso be the binding
site of another gene. So, switching off a genne may switch off
other genes and thus further may pproduce another
undesirable action. That’s why it’s verry important to
identify those genes which behave simillarly (the genes
which have same binding site, generaally have same
expression profile in various experimentall conditions) and
also the number of biological processes anyy particular gene
is involved.
Clustering techniques in microarray dataa analysis tries to
identify the genes which have similaritty in expression
profile (these genes are called co-expressed genes). The
gene expression analysis discovers manny new rules to
further be used to
identify similar kind of genes which may fu
allocate a new gene in the previous group off genes.
The algorithm, proposed in this article, finds the cluster
groupings like other clustering algorithhm but has a
significant difference with many others. Thhat is, it finds out
the overlapping clusters which supportt the biological
concept that a gene may be involved inn more than one
biological process. It also finds the rulees to become a
member of a particular cluster. Hence, a nnew gene can be
allocated to a cluster without recalculation. Though the time
required calculating those cluster groupingg is a little high
but it provides a good grouping.
meters that can be
The proposed algorithm has many param
varied to tune the result near to optimum cluustering solution.
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Also, changing the selection criteriaa CF of the third stage of
the algorithm (i.e., C) can producee more exiting solutions.
The proposed algorithm selects verry few no of records in a
cluster when ROP is high. Also, thee CPOWER and POWER
parameters guide the optimization process to emphasis on
milarity. So, they can also
record count or maximal feature sim
be tuned up to have a desired solutio
on.
As a future work one can optimiize the tuning parameters
by using some optimization algoriithm like GA, PSO, DE
etc. This algorithm can be appliied to other application
domains also.

a

b

Figure 2. Yeast Sporulation data clusterred using ECoEC algorithm:
(a)Eisen Plot (b) Clusterprofile plotss of the evolved cluster.
TABLE VI.

ATTRIBUTE VALUE RULESS OF TWO CLUSTERS EVOLVED
FROM YEAST SPORULAT
TION DATA

For Cluster

1

2

Rule is that the gene expression values of a
gene should be within the range
Attribute
t2
t5
t7
t9
t11.5
t0
t0.5
t2
t5
t7
t9
t11.5

Value Range
0.1246 ± 0.717 and
-0.3872 ± 0.748 and
-0.8143 ± 0.255 and
-0.8658 ± 0.521 and
-0.7167 ±0.431
-1.2449 ± 0.384 and
-0.9718 ± 0.52 and
-0.7872 ±0.717 and
0.0754 ±0.748 and
1.0798 ±0.255 and
0.9756 ±0.521 and
0.8730 ±0.431
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