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Abstract—A DNA microarray technology is a collection of
microscopic DNA spots attached to a solid surface. Scientists use
DNA microarrays to measure the expression levels of large numbers
of genes simultaneously or to genotype multiple regions of a genome.
Elucidating the patterns hidden in gene expression data offers a
tremendous opportunity for an enhanced understanding of functional
genomics. However, the large number of genes and the complexity of
biological networks greatly increase the challenges of comprehending
and interpreting the resulting mass of data, which often consists of
millions of measurements. It is handled by clustering which reveals
the natural structures and identifying the interesting patterns in the
underlying data. In this paper, gene based clustering in gene
expression data is proposed using Cuckoo Search with Differential
Evolution (CS-DE). The experiment results are analyzed with gene
expression benchmark datasets. The results show that CS-DE
outperforms CS in benchmark datasets. To find the validation of the
clustering results, this work is tested with one internal and one
external cluster validation indexes.
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Differential Evolution, Gene expression data, Clustering.

1. INTRODUCTION

microarray experiment evaluates a large number of DNA

sequences consisting of genes, cDNA clones or expressed
sequence tags under different conditions. These conditions
may be a time based or tissue samples based. A gene
expression data set from a micro-array experiment can be
represented by a real-valued expression matrix [1]. In this
matrix, rows represent expression pattern of genes, columns
represent expression profile of samples or experimental
conditions. Datasets are represented as set of genes G = {g,
€, €3... g}, Where g; represents i gene in the data set and wi;
represents expression profile of i gene at j" samples/
conditions [2]. Fig. | represents the gene expression data
matrix with n genes and m samples/conditions vector.
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Fig. 1 Gene expression data matrix
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Clustering is a process of partitioning a dataset into separate
groups based on any similarity measure and each cluster
contains similar data items [3]. The objects in the same group
(called a cluster) are more similar (in some sense or another)
to each other than to those in other groups (clusters). Gene
expression profiling provides many ways to study about the
gene expression patterns [1]. Co-expressed genes can be
identified by the cluster analysis of gene expression data. The
main step in analyzing gene expression data is to identify the
group of genes that are having the similar expression pattern.
Clustering of gene expression data is helpful to understand
gene regulation, gene function and cellular processes [4].

Cuckoo Search is a meta-heuristic search method proposed
by Xin-She et al. [5]. It mimics the parasitic breeding
behaviour of cuckoos. Cuckoos do not breed their eggs. A
cuckoo relies on other birds to host its egg. To do so, a cuckoo
first selects a random nest and lays its eggs there. The host
bird after finding an alien egg may destroy it or abandon the
nest. In order to avoid the detection, cuckoos emulate the size,
colour and shape of the eggs of hosting bird. The search for a
nest by cuckoos follows the Levy flight distribution. The
cuckoo search algorithm characterizes all these behaviours.

The rest of the paper is organized as follows: Section II
describes the literature review on Gene expression data
clustering. The overview CS is given in Section III. Section IV
presents the CS-DE algorithm for gene expression data
clustering. The experiment results are analyzed and
demonstrated in Section V.

II. LITERATURE REVIEW

Fazel Famili et al. [6] proposed evaluation and optimization
of clustering in gene expression data analysis. This work
introduced new cluster quality method called stability. Tseng
et al. [7] proposed a comparative review of gene clustering in
expression profile. This paper compared simulated data with a
real data. Vito Di Gesu et al. [8] proposed genetic algorithm
for clustering of gene expression data called GenClust. The
performance was evaluated based on real dataset and have
used internal and external validation techniques. Ma et al. [9]
proposed a novel evolutionary algorithm called evolutionary
clustering (EvoCluster). It encodes an entire cluster grouping
in a chromosome so that each gene in the chromosome
encodes one cluster. Kustra R. et al. [10] introduced clustering
expression data that permits integration of various biological
data sources through combination of corresponding
dissimilarity measures. This work reviews about genomic data
fusion and validating results from clustering expression data.
Kerr G et al. [11] conducted a review on techniques of
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clustering gene expression data. This work mentions about the
limitations and addresses them and provides a framework for
the evaluation of clustering in gene expression analyses.
Zhihua Du [12] proposed a new clustering algorithm for
clustering gene expression data called PK means. This method
incorporates Particle Pair Optimizer (PPO), K means and
Fuzzy Kmeans for clustering which provide a more accurate
result. Wei Liu et al. [13] proposed a novel methodology for
finding the regulation on gene expression data. This work
helps to find feature subset to build the classifier for gene
expression data analysis. Principal component analysis was
employed to construct the classifier. Rui Xu et al. [14]
conducted a review on clustering algorithm in biomedical
research. The work provides an overview of the status quo of
clustering algorithms, to illustrate examples of biomedical
applications based on cluster analysis, and to help biomedical
researchers to select the most suitable clustering algorithms
for their own applications.

Nagi et al. [15] had done a survey on gene expression data
clustering analysis. This work mentions about various
approaches to gene expression data analysis using clustering
techniques. This work also discusses about the performance of
various existing clustering algorithms under each of these
approaches and proximity measures. Salome et al. [16]
proposed an efficient clustering of gene expression data. This
work introduced methods to improve the searching and the
clustering performance in genomic data from commonly used
clustering techniques. Jaskowiak et al. [17] investigated about
the choice of proximity measures for the clustering of
microarray data by evaluating the performance of 16
proximity measures in 52 data sets from time course and
cancer experiments. This work mentions about commonly
employed measures, such as Pearson, Spearman, and
Euclidean distance.

III. CUCKOO SEARCH

Cuckoo Search is an optimization technique developed by
Yang and Deb based on the obligate brood parasitism of
cuckoo species by laying their eggs in the nests of other host
birds [18]. If a host bird discovers the eggs which are not its
own, it will either throw these foreign eggs away or simply
abandon its nest and build a new nest elsewhere. Each egg in a
nest represents a solution, and a cuckoo egg represents a new
solution. The better new solution (cuckoo) is replaced with a
solution which is not so good in the nest. In the simplest form,
each nest has one egg [19], [20].

A new solution was generated by Levy flight. The breeding
behaviour of cuckoos can be summed up in three rules [5]: (i)
each cuckoo lays one egg at a time and places it in a randomly
selected nest; (ii) nests with high quality eggs would be
carried to nest level production; (iii) the number of nests is
fixed and the probability of discovery of cuckoo egg by the
host bird is pa[0, 1]. The host bird either destroys the egg or
abandons the nest and builds a new nest. The algorithm for CS
is given below:

Pseudo Code for CS

Generate an initial population of n host nests;
while (t<MaxGeneration) or (stop criterion)
Get a cuckoo randomly (say, i) and replace its solution
By performing Levy flights;
Evaluate its fitness Fi
Choose a nest among n (say, j) randomly;
if (Fi < Fj)
Replace j by the new solution;
end if
A fraction (pa) of the worse nests is abandoned and
new ones are built;
Keep the best solutions/nests;
Rank the solutions/nests and find the current best;
Pass the current best to the next generation;
end while

While generating the new solution x(t+1) for a cuckoo i, a
Levy flight [5] is performed using (1):

X, (t+1) =x. (0 +0® Levy(5) )

The symbol @ is an entry-wise multiplication. Basically
Levy flights provide a random walk while their random steps
are drawn from a Levy distribution [5] for large steps as given
in (2):

Levy ~u=t o @

This has an infinite variance with an infinite mean. Here,
the consecutive jumps of a cuckoo essentially form a random
walk process which obeys a power-law step-length
distribution with a heavy tail.

IV. A COMBINED CUCKOO SEARCH WITH DIFFERENTIAL
EVOLUTION FOR GENE EXPRESSION DATA CLUSTERING
A. Problem Statement

The clustering problem is expressed as follows:
The set of M genes G = {G,.G,... .G, } is to be
clustered. The genes are to be grouped into non-overlapping

clusters C = {C,,C,,... ,C | (C is known as a clustering),
where K is the number of clusters,
Ciu Chu ..vu Cy=G C;=z9,and C,n C,=¢ foriz.

Assuming f :G xG — M "is a measure of distance
between genes. Clustering is the task of finding a partition
{,,C,,...,C} of G such that
Vi je{l .. K} j#iVxeC, :f(x O,)> f(x O,)
where Oi is one cluster representative of cluster Ci.

The goal of clustering is stated as:

Given,

1. Asetofgenes G =1G,.G,.... .G},

2. A desired number of clusters K, and

3. An objective function or fitness function that evaluates
the quality of a clustering, the system has to compute an
assignment ¢ :G — {1,2,--- ,K} and minimizes the
objective function.

The proposed work applies global searching strategies for
identifying optimal clusters in the exhaustive search space.
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Typical objective function in clustering formalizes the goal of
achieving high intra-cluster similarity, where genes within a
cluster are similar, and low inter-cluster similarity, where
genes from different clusters are dissimilar.

This is an internal criterion for the quality of a clustering. It
is formulated by minimizing a formal objective function Mean
Squared Error (MSE) distortion.

MSE(P) = igl ||G i~ C i) ”2 (3)

where N is the number of Genes; G = 6..G,....G,fisa
set of N gene samples; P = { p(i) | i=1,...N } is class label of
G;C={cj|j=1,...,K} are K cluster centroids.

B. Egg Representation

Each egg is represented as candidate solution for the
problem. The proposed work represents the whole partition of
the genes in an egg of length N, where N is the size of the
gene expression data. Each position in the cuckoo’s egg is a
label where the gene belongs to. In particular, if the number of
cluster is K, each note value of egg is an integer value between
1 to K clusters. An example of egg representation is given in
Fig. 2. The egg represents G1 is present in cluster #1, G2 is
present in cluster #2, G3 is present in cluster #1 and so on.

[r 2 1 3 2 ]
Fig. 2 Cluster representation

At the initial stage, the random number is generated
between 0 and 1 and K is the number of clusters. Let v be the
generated random number then the cluster value V' is

v'=int (VvK) +1 )
| 1.23]215]1.42[3.89]2.84] ... | 1.56] 3.45[ 2.76 |
(rfzfvfsfalJurfsafal]

Fig. 3 Representation of egg for clustering

C.Combined Cuckoo Search with Differential Evolution

In the proposed work Differential Evolution (DE) algorithm
is combined with conventional CS to cluster the gene
expression data. Here, the fractions of worst nests are
destroyed and new eggs for the nests are generated by using
agent position generation of Differential Evolution. The global
search area is enhanced through DE. The three benefits of DE
are given below:

1) Finding the true global minimum regardless of the initial
parameter values

2) Fast convergence

3) Using few control parameters.

Pseudo Code for CS-DE

Generate an initial population of n host nests;
While (t<MaxGeneration) or (stop criterion)
Get a cuckoo randomly (say, 1) and replace its
solution by performing using performing Levy
flights;
Evaluate its fitness Fi
Choose a nest among n (say, j) randomly;
if (Fi< Fj)
Replace j by the new solution;
end if
A fraction (pa) of the worse nests is abandoned and
new ones are built by Differential evolution;
Keep the best solutions/nests;
Rank the solutions/nests and find the current best;
Pass the current best to the next generation;
end while

Pseudo Code for Differential Evolution

1. Initialize the random solution x;
2. Calculate the objective function value f(x;) for all x;.
3. Select three points x,; X,» and X,; from population and
generate perturbed individual using
Vi =X + F (X — Xs3)
4. Recombine each target vector x; with perturbed
individual generated

Vi if rand(0,1)< P

X; otherwise

ul-:

5. Calculate the objective function value for u;.

6. Choose better of the two function value at target and trial point
and x; for next generation.

7. Check whether convergence criterion is met if yes then stop;

otherwise got step 3

V. EXPERIMENTAL ANALYSIS

A. Datasets

The experiments are conducted on two well-known
preprocessed gene expression datasets namely Yeast Cell
Cycle (YCC) and Pheripheral Blood Monocytes (PBM). The
YCC data set is part of that studied by [21]. The complete data
set contains the expression levels of roughly 6000 yeast ORFs
over 79 conditions. This preprocessed data set is consisting of
698 genes and 72 conditions. Next, Pheripheral Blood
Monocytes data set was used by [22] to test their clustering
algorithm. It contains 2329 ¢cDNAs with a fingerprint of 139
oligos. This of data matrix gives 2329 genes and 139
conditions.

B. Validation Index Measures

One of the most important issues in cluster analysis is the
evaluation of clustering results to find the partitioning that best
fits the underlying data. This is the main subject of cluster
validity. Here two measures are taken to validate the
clustering results namely Figure of Merit (FOM) and Adjusted
Rand (AR).

C.Figure of Merit

It is an internal measure used for this research work. For a
given data set, let R denote the raw data matrix. Assume that
R has dimension nxm, which means each row corresponds to
a gene and each column corresponds to an experimental
condition. Assume that a clustering algorithm is given the raw
matrix R with column e excluded. Assume also that, with that
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reduced data set, the algorithm produces k clusters Cy... Cy.i.
Let R(g,e) be the expression level of gene g and mi(e) be the
average expression level of condition e for genes in cluster C;.
The 2-norm FOM with respect to k clusters and condition e is
defined as:

rom(e)- (15 % (lue)-mi(o)f )

i=0 xeCi

Notice that FOM (e, k) is essentially a root mean square
deviation. The aggregate 2-norm FOM for k clusters is then:

FOM (k) = egl FOM (e, k) (6)

D.Adjusted Rand Index

The expected value of the Rand Index of two random
partitions does not take a constant value (e.g. zero). Thus
Hubert and Arabie proposed an adjustment [23] which
assumes a generalized hypergeometric distribution as null
hypothesis: the two clusterings are drawn randomly with a
fixed number of clusters and a fixed number of elements in
each cluster (the number of clusters in the two clusterings
need not be the same). Then the adjusted Rand Index is the
(normalized) difference of the Rand Index and its expected
value under the null hypothesis. It is defined as follows [24]:

Zz[sz e ™

]

Ry(C.C')=
(t1+12)-t3

This index has expected value zero for independent
clusterings and maximum value 1 (for identical clusterings).
The significance of this measure has to be put into question
because of the strong assumptions it makes on the distribution.
Meila [7] notes, that some pairs of clustering may result in
negative index values.

TABLEI
PARAMETERS AND THEIR VALUES FOR BENCHMARK DATASETS

Parameter Value

Number of nests 50

Number of iterations 200

Pa 0.3

o 1

) 1.5
Number of clusters 3t018

Pe 0.5

Figs. 4 and 5 correspondingly show the results obtained
from CS and CS-DE for YCC and PBM datasets. In order to
evaluate the performance of proposed CS-DE method, it has
been applied for two publicly available real life gene
expression data sets namely Yeast Cell Cycle (YCC) and
Pheripheral Blood Monocytes (PBM). The results show that
the proposed CS-DE algorithms outperform existing CS
method in both gene expression data sets. Figs. 6-9 show that
results obtained by the proposed technique are also compared

with GenClust random, Min kmeans-random, Max kmeans-
random, Cast, Kmeans-Avlink, Avlink and GenClust-Avlink
[8]. Obtained clustering results are verified after conducting
several statistical and biological significance tests. The results
reveal that for both datasets the proposed methods attain the
maximum Figure of Merit (FOM) and minimum Adjusted
Rand (AR) index values.
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600 - -0

total internal variance
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400
1 21 41 61 81 101 121 141 161 181

Number of Iterations

Fig. 4 Convergence of CS-DE and CS on YCC dataset for 5 clusters
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Fig. 5 Convergence of CS-DE and CS on PBM dataset for 5 clusters
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Fig. 6 Plot of number of clusters versus FOM index on YCC
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Fig. 7 Plot of number of clusters versus AR index on YCC
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Fig. 8 Plot of number of clusters versus FOM index on PBM
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Fig. 9 Plot of number of clusters versus AR index on PBM

VI. CONCLUSION

Microarrays are useful to simultaneously monitor the
expression profiles of thousands of genes under various
experimental conditions. Identification of gene cluster is the
main goal in gene expression data analysis and is an important
task in bioinformatics research. In this work the gene
expression data are clustered using CS and CS-DE. To avoid
stagnation in CS, it is combined with DE. Best solutions in

each nest are calculated and ranked. The nests with worst
solutions are destroyed and are replace by DE. The
performance of CS and CS-DE is analyzed with two gene
expression benchmark data sets. The results show that CS-DE
outperforms CS in both benchmarks datasets.
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