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Analyzing time series microarray dataset is a challenging task due to its three di-
mensional characteristic. Clustering techniques are applied to analyze gene expression
data to extract group of genes under the tested samples based on a similarity measure.
Biclustering appears as an evolution of clustering due to its ability to mine subgroups of
genes and conditions from the data set, where the genes exhibit highly correlated patterns
of behavior under certain experimental conditions. Triclustering contains a subset of
genes that contains information related to the behavior of some genes from under some
conditions over certain time periods. In this work,TrioCuckoo, a multi objective cuckoo
search algorithm is proposed to extract co-expressed genes over samples and times with
two different encoding representation of triclustering solution. TrioCuckoo is evaluated
using two real life datasets such as the breast cancer and PGC-1 alpha time course da-
tasets. The experimental analyses are conducted to identify the performance of the pro-
posed work with existing triclustering approaches and Particle Swarm Optimization
(PSO).The proposed work identifies the key genes which are involved in the breast can-
cer. The gene ontology, functional annotation and transcription factor binding site analy-
sis are performed to establish the biological significance of genes belonging to the re-
sultant cluster for Breast cancer.

Keywords: tricluster, cuckoo search, multi-objective optimization, gene ontology, breast
cancer, microarray gene expression data, PSO, time course data analysis

1. INTRODUCTION

Microarray technology and other high-throughput methods are used to measure the
expression values of thousands of genes over different samples or experimental condi-
tions. The activity of all genes measured for a number of biological replicates at each
time point is referred to as three-dimensional datasets. The time series datasets in micro-
array technology has been used to measure in a single experiment, the expression values
of thousands of genes under a huge variety of experimental conditions across different
time points. Due to its huge volume of data, several computational methods are needed
to analyze such datasets.

Clustering is one of the unsupervised approaches to identify the coexpressed genes.
Clustering algorithms aims to maximize similarity within the clusters as well as to mini-
mize similarity between the clusters, based on a distance measure. The traditional clus-
tering algorithms fail to find the group of genes that are similarly expressed over subset
of experimental conditions. This problem is solved by biclustering algorithms [1]. A bi-
cluster can be defined as a subset of genes that are coexpressed over a subset of experi-
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mental conditions. The Triclustering deals with three dimensional (3D) datasets which is
used to find group of genes coexpressed under subset experimental conditions across
subset of time points.In this work, TrioCuckoo algorithm is used to extract the subset of
genes that have similar expression values over a subset of samples in subset of time
points with minimum MSR value. In the proposed work two different encoding schemes
are used to represent the triclustering solution.

The rest of the paper is structured as follows. A review of the latest works on the
triclustering can be found in Section 2. Section 3 presents the methodology of the
TrioCuckoo optimization algorithm. Section 4 describes the triclustering, problem state-
ment, proposed encoding representations and multi objective functions. In Section 5, the
experimental results for the real life datasets are discussed and compared with the other
algorithms and also its biological significances are analysed. Section 6 presents the con-
clusions.

2. RELATED WORK

Cheng and Church [1] proposed the first biclustering algorithm that was used to an-
alyse gene expression datasets and it used a greedy search heuristic approach to retrieve
largest possible bicluster having Mean Squared Residue (MSR) under a predefined thres-
hold value ¢ (J-bicluster). Feng et al. [2] proposed a time-frequency based full-space
algorithm using a measure of functional correlation set between time course vectors of
different genes. Zhao et al. [3] proposed the tricluster algorithm that aims to retrieve
groups of genes that have similar expression profiles over a subset of samples during a
subset of time points. It also provides set of metrics to assess the quality of the triclusters
and tested the approach on real life microarray datasets [3]. Jiang ef al. [4] proposed
gTricluster algorithm to mine biologically meaningful coherent gene clusters using
Spearman rank correlation similarity measurement and extended the clique search tech-
nique for the third dimension [4]. Yin ef al. [5] has given a new definition of coherent
cluster for time series gene expression data called ts-cluster. The ts-cluster algorithm is
able to detect a significant amount of clusters of biological significance [5]. Hu and
Bhatnagar (2010) presented a 3-Clustering algorithm that searches for meaningful com-
binations of biclusters in two related datasets. This algorithm extracts tricluster from two
independent biclusters such that the standard deviations in each bicluster obey an upper
bound and it has maximum overlap between the two biclusters.

Tchagang et al. [6] proposed a triclustering algorithm OPTricluster for mining short
time series gene expression datasets. OPTricluster effectively mines time series gene
expression data having approximately 3-8 time points and 2-5 samples. Thus, it mines
only the short temporal datasets. According OPTricluster, genes belonging to a tricluster
must have constant, coherent or order preserving expression patterns over a subset of
samples during a subset of time points [6]. Kuo ef al. [7] proposed a method with back-
ward frequent itemsets to mine time delayed gene regulation patterns. The interactions
between genes in any length of time delay is identified and the patterns obtained by the
method are used for gene function prediction [7]. Bhar et al. [17] proposed J-TRIMAX,
a triclustering algorithm by introducing a novel Mean Squared Residue score (MSR) to
mine a 3D gene expression dataset and that each tricluster must have an MSR score be-
low a threshold ¢ [8]. This algorithm identifies the hub genes which are responsible for
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the estrogen responsive cancers. Also the gene ontology and pathway analysis are done
in order to process the genes properties. Aviles et al. [8] also proposed TriGen algorithm
which implements genetic algorithm for mining triclusters in temporal gene expression
data. This algorithm implements the genetic algorithm, an optimization technique in or-
der to retrieve the triclusters [9]. Bhar et al. [9] proposed EMOA-J-TRIMAX, mul-
ti-objective optimization algorithm by implementing genetic algorithm [10]. Liu et al.
(2015) proposed fuzzy triclustering algorithm to mine triclusters based on the member-
ship function for each dimension but it has computational efforts [11]. Guigoures et al.
[11] also applied triclustering approach to track patterns in time-varying graphs [12].

3. MULTIOBJECTIVE TRIOCUCKOO ALGORITHM

Cuckoo Search (CS) is an optimization algorithm which is inspired from the breed-
ing parasitism of cuckoo species. Some cuckoo species lay their eggs in the nest of other
host birds in obligating its breeding parasitism [13]. If a host bird discovers the eggs
which are not their own, it will either throw these foreign eggs away or simply abandon
its nest and build a new nest elsewhere[14]. It initiates with number of nests in which
each egg in the nest represents a solution. A new solution is generated by Lévy flight
[15]. It aims to produce better solutions by replacing the worst solutions in the nest. Each
cuckoo lays one egg at a time and throws down its egg in a randomly chosen nest. The
best nests with good quality of eggs will be carried on to the next generation. The num-
ber of host nests is fixed, and a host can discover a foreign egg with a probability p,€[0,
1]. The host bird then throw away the egg or abandon the nest and also it finds the worst
nest which is to be replaced.

CS is only applied on the two dimensional datasets so far for biclustering. In this
work, TrioCuckoo subspace clustering is performed on three dimensional dataset using
Cuckoo search. Trio refers to group of three dimensions such as genes, samples and time.
Each tricluster has the genes that are coexpressed under certain samples and time points.
TrioCuckoo as similar to CS uses a balanced combination of a local and global random
walk. The local random walk is given in Eq. (1).

x(t+ 1) =x(1) + as®H(p, — )(x,(1) — xi(1)) (M

Where x;(f) and x,(f) are two different solutions selected randomly by random permuta-
tion, H(p, — €) is a heavyside function, ¢ is a random number drawn from uniform distri-
bution and s is the step size. The global random walk can be carried out using the Lévy
flight. When generating new solutions x(#+1) for a cuckoo subset matrix i, a Lévy flight
is performed using the following Egs. (2) and (3), which is the stochastic equation for
random walk.

x(t+ D) =x() + a® Lévy(s, A) 2)

Lévy(s, 1) = WL(s > s, >0) 3)
Vs s

1+4



1620 P. SWATHYPRIYADHARSINI AND K. PREMALATHA

The step size a> 0 is related to the scale of the problem of interest but in most cas-
es a = 1 is maintained. x,(#+1) is the next location which depends on x,(?) is the current
location and the second term in the equation is the transition probability. The symbol @
is an entry-wise multiplication which is similar to those used in PSO, but the Lévy flight
based random walk is more efficient to explore the search space through longer step
length. 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.

Algorithm 1: Pseudo code for TrioCuckoo
Generate an initial population of n host nests representing genes, samples and time points;
while t < (MaxGeneration) or (stop criterion)
Get a cuckoo subset matrix of Triclusters randomly (i) and replace its solu-
tion by applying Lévy flights;
Evaluate its fitness F;
Choose a nest among n(j) randomly;
if (F, < F)
Replace j by the new solution;
end if
A fraction (p,) of the worse nests is abandoned and new ones are built;
Keep the best solutions/Triclusters;
Rank the solutions and find the current best Tricluster;
Pass the current best Tricluster to the next generation;
end while

4. TRICLUSTERING MICROARRAY GENE EXPRESSION DATA

4.1 Triclustering

Traditional clustering algorithms work in the full dimensional space, which consid-
er the value of each object in all the dimensions and try to group the similar objects to-
gether. Biclustering does not have such a strict constraint. Some points are similar in
several dimensions then they will be clustered together in that subspace. Biclustering
enables to identify the co-expression patterns of a subset of genes that might be relevant
to a subset of the samples of interest. In addition to biclustering along the gene-sample
dimensions, there has been a lot of interest in mining gene expression patterns across
time. Hence, Triclustering finds the subset of genes that are similarly expressed across a
subset of experimental conditions or samples over a subset of time points.

4.2 Problem Statement

For a given set of n genes G = {g1, &, .., g}, a set of m biological conditions or
samples S = {s1, 83, ..., S,,} and a series of k time points 7= {t,, t,, ..., t}, a GST micro-
array dataset is a real valued three dimensional nxm x k cuboid, D = GxSx T = {du}.
Each cell value dj; represents the expression level of gene g;, in sample s, at time point #.
The existing work on the three dimensional data clustering investigates to find genes that
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are coherent on a subset of the samples during the whole time series. Thus the extracted
tricluster which has subset matrix of G xSx T have the same genes which are restricted
to the different samples and time points. Therefore, this work aims to find all the genes
that are coherent on different samples and time points.

4.3 Encoding

Each egg in a nest is represented by a binary string with three parts. An egg encodes
a possible tricluster. A time series gene expression dataset has G number of genes, S
number of samples and T number of time points. Therefore a nest has the first m bits
corresponding to the genes, the next » bits corresponding to the samples and the last &
bits corresponding to the time points. Each string is represented by m +n + k bits that
have a value either 1 or 0. If the value is 1 then the corresponding gene or sample or time
point is present in the tricluster. For example a gene expression dataset having 10 genes
6 samples and 4 time points, a string {10101110010101011011} represents that genes
{21, g3, &5, 6> 7> C10}, samples {s,, 4, S¢} and time points {z,, #;, #4} are the members of
thetricluster as shown in Fig. 1.
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Fig. 1. Encoding representation-1 of an egg.

In the above method, the set of genes {gi, g3, s, 6> €7, L10} are presented for same
set of samples {s,, 54, S¢} at the same set of time points {¢, t3, #4}. Alternatively the
tricluster with subset of genes for different samples at different time points is also en-
coded. Fig. 2 shows tricluster encoding representation genes as rows, time periods as
columns, and samples as depth representation and Fig. 3 shows tricluster encoding rep-
resentation genes as rows, samples as columns, and time periods as depth time the co-
herent triclustering encoding representation of genes, samples and time points with re-
spect to different samples and different time points respectively.

4.4 Fitness Function

Tricluster is given as C[/, J, L] = [c;;] where i€/, jeJ and /eL. The cuboid C repre-
sents subset of genes which have similar expression values over a subset of samples
during subset of time points.

Mean Square Residue (MSR) of the tricluster can be modelled as
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Fig. 2. Encoding representation-2 (Gene-Time-Sample) of an egg.
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Fig. 3. Encoding Representation-3 (Gene-Sample-Time) of an egg.
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Where Mgs(f) is the mean of genes under samples at a time point, Mgs(s) is the
mean of the genes over time under a sample, Ms{(g) is the mean of a gene in time under
the samples, Mq(s, ¢) is the mean of the genes under a sample and a time point, Ms(g, ?) is
the mean of the values of a gene at a time point under samples, Mz(g, s) is the mean of a
gene under a sample at all time points and Mgsr is the mean value of all values in the
tricluster.

The first objective is to calculate the MSR value of the tricluster which is given in
Egs. (4) and (5).

fi = MSR (6)

The low MSR value denotes there is strong coherence in the tricluster. This includes
only the trivial tricluster when there is no fluctuation. The row variance is calculated in
order to include the non trivialtricluster. The second objective function is to calculate the
row variance which is given in Eqgs. (7) and (8) in which a;; is the value of a gene in the
tricluster, a; is the mean of ith row in tricluster for all j conditions and a;; is the mean of
ith row for all & time points.

1
fzz—zVari (7)
|I| iel
var, :LZ(&. -a, )2+LZ(0- —ay) ®)
et Y ket

The third objective function is the volume of the tricluster which is given in the fol-
lowing Eq. (9).

_ x| K]

f3_|G|x|S|x|T\

©)

Where (|{] x |J] x |K]) is the volume of the tricluster and (|G| x |S|x |T]) is the volume
of the dataset. The objective function is to be maximized in order to have increased size
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of the tricluster.

The aim of this work is to find the triclusters which should have a lower MSR score
and a higher variance and a larger volume of the tricluster. Thus the first objective func-
tion is to be minimized and the second and third objective function is to be maximized in
order to accomplish the goals. Therefore the optimal solution of the objective function is
different from each other. Pareto optimal solutions solve this problem by considering set
of constraints to get the optimal solution [16]. It is based on the dominance criteria where
a solution x'" is said to dominate other solution x'* if it holds the conditions such as the
solution x" is no worse than x® in terms of all the objectives and the solution x" is
strictly better than x in at least one objective. The set of solutions which are not domi-
nated by any others are called Pareto optimal front. Thus the solutions are selected based
on the pareto optimal front. Fig. 4 shows the flowchart for the proposed work.

Generate initial population of eggs in nests

|
¥

Calculate multi-objective fitness functions

!

Rank the population using dominance criteria

'

Perform Lévy flight to generate new solution

4

Abandon P, of worst nests

'

Generate P, of new solutions

'

Rank the population using dominance criteria and
crowding distance

'

Termination criteria

R
Fig. 4. Cuckoo search with multi objective function.

5. EXPERIMENTAL RESULTS
5.1 Datasets

The proposed method is implemented on two different real life datasets. First, the
real life time series dataset GSE11324 is chosen from the Gene Expression Omnibus
(GEO). It holds 54675 Affymetrix human genome U133 plus 2.0 probe ids, 3 samples
and 4 time points (0, 3, 6, 12 hours). It aims at finding cis-regulatory sites responsible for
conveying estrogen responses and to identify the cooperating transcription factors which
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contribute to estrogen signaling in MCF7 breast cancer cells.

Second, the time course dataset PGC-la oxidative phosphorylation (OXPHOS)
gene expression data is chosen. It has the genes involved in OXPHOS exhibit reduced
expression in skeletal muscle of diabetic and prediabetic humans. It holds 12490 genes, 4
samples and 4 time points (0, 1, 2, 3 days).

The TrioCuckoo and PSO algorithms are implemented in MATLAB version 7.14
(R2012a). The traditional CS algorithm [15] uses fixed value for Lévy distribution coef-
ficient A, probability of discovery rate of the eggs p, and the step size « and the same
values are assigned in TrioCuckoo. For implementing PSO, the same number of itera-
tions and population size is used as in TrioCuckoo and ¢;=2.1, ¢;=2.1 and the inertia
weight @=0.9 is maintained for both the datasets [17].

Table 1.Parameters and values considered for TrioCuckoo.

Parameter Value
Number of nest (n) 50
Discovery rate of alien eggs (p,) 0.25
Step size (@) 1
Lévy distribution coefficient (1) 1.5
Number of iterations 20

5.2 Performance Comparison

Figs. 5 (a)-(c) show the sample triclusters obtained from the proposed work using
encoding representation-1, 2 and 3 respectively for the breast cancer dataset. Figs. 6 (a)-
(c) show the sample triclusters obtained from the proposed work using encoding repre-
sentation-1, 2 and 3 respectively for PGC-1 alpha time course dataset.
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Fig. 5. Sample Triclusters for breast cancer dataset.
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Fig. 6. Sample Triclusters for PGC-1 alpha time course dataset.
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The performance of the proposed TrioCuckoo with different encoding representa-
tions is compared with PSO in terms of the fitness function. The MSR value of the
TrioCuckoo is low when compared to PSO for both the datasets. Therefore, TrioCuckoo
using encoding representations 2 and 3 performs better than others.

Table 2. Comparison with PSO.

Algorithm MSR Value
Breast Cancer PGC-1 alpha
TrioCuckoo using Encoding Representation — 1 0.000661 0.090521
TrioCuckoo using Encoding Representation — 2 0.000467 0.060725
TrioCuckoo using Encoding Representation — 3 0.000161 0.029356
PSO using Encoding Representation — 1 0.004924 0.109350
PSO using Encoding Representation — 2 0.000986 0.092593
PSO using Encoding Representation — 3 0.000798 0.063871

5.3 Comparison with Other Triclustering Algorithms

The performance of the proposed work with different representations is compared
with other triclustering algorithms based on two validation indexes. The first measure is
the Triclustering Quality Index (TQI) which is given in Eq. (10) [18].

MSR,
70l =—— (10)
volume,

Where MSR; is the mean squared residue of the tricluster i and volume; is the volume of
the tricluster i. The volume of the ithtricluster is defined as ([} x |/ x |[K) where |1}, |/}
and |K;| represent the number of genes, samples and time points of the ith tricluster. A
lower TQI represents the better quality of the triclusters.

The second measure is the Statistical Difference from Background (SDB) score
which signifies whether a set of n triclusters are statistically different from the back-
ground data matrix or not [18]. The SDB score is given in the Eq. (11).

ﬂm:lZ" MSR,

i=1 r
n =Ly, RMSR, —MSR,

r

(1)

Where n is the total number of triclusters extracted by the algorithm. MSR; repre-
sents the mean squared residue of the ith tricluster and RMSR; is the mean square residue
of the jth random tricluster having the same number of genes, samples and time points as
the ith resultant tricluster. The higher the value of the denominator denotes the better the
quality of the resultant tricluster. Hence, lower SDB score signifies better performance of
the algorithm. Table 3 shows the comparison of the performance of various algorithms in
terms of SDB and TQI indexes.

5.4 Biological Significance

The biological significance of the genes which belongs to each of the triclusters is
identified by performing Gene Ontology and KEGG pathway enrichment analysis and
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Table 3. Performance comparison.

Algorithm SDB Average TQI
Tricluster using encoding representation — 1 0.25772 4.21E-09
Tricluster using encoding representation — 2 0.33203 3.27E-09
Tricluster using encoding representation — 3 0.20945 2.01E-09
o0-TRIMAX 0.46709 3.08E-05
TRICLUSTER 0.47753 3.35E-05

Transcription Factor Binding Site (TFBS) enrichment analysis. David Ontology tool
which is freely available in the Internet is used for the analysis [19]. The p-values are
adjusted using Benjamini Hochberg method [20]. The significant genes that have a
p-value below the threshold of 0.05 are selected. The lower p-value represents the higher
significance level. Thus, the statistically enriched GO terms belonging to each Tricluster
is extracted.

5.4.1 Functional annotation

To find the estrogen influence in the breast cancer, the gene functions are analysed.
The key genes from the triclusters are given as input to the ontology tool through which
the functional process of the genes is identified. The functional annotation results in
genes with genes that have smaller p-value that are ranked at top. The 100 genes from
the tricluster are given as input for functional annotation. Table 4 provides the top three
functional processes of the genes of Triclusters obtained with three different encoding
representations. The experimental results show that the gene count percentages of triclu-
ster uses encoding representation 2 and 3 gives better result than tricluster using enco-
ding representation 1 and the p-value is also lower for encoding representation 2 and 3.

Table 4. Functional annotation.

Tricluster Category Term (l}’zlrfegt(; 1;1;[ p-value | Benjamini
Tricluster using| UP_ KEYWORDS Phosphoprotein 56.2 2.2E-04 | 3.7E-02
encoding repre-| UP_KEYWORDS Alternative splicing 60.7 5.9E-04 | 5.0E-02
sentation — 1 UP_SEQ_FEATURE | splice variant 40.2 1.0E-03 | 2.8E-01
Tricluster using| UP_ KEYWORDS Chromosomal rear- 58.6 1.7E-04 | 2.6E-02
encoding repre-| UP_KEYWORDS rangement 66.2 7.2E-04 | 6.9E-02
sentation — 2 UP_SEQ FEATURE | Alternative splicing 45.7 2.1E-02 | 9.7E-01

splice variant
Tricluster using| UP_SEQ FEATURE | sequence variant 70.2 2.5E-04 | 5.2E-02
encoding repre-| UP_ KEYWORDS Polymorphism 70.2 7.3E-04 | 8.4E-02
sentation — 3 UP_SEQ FEATURE | splice variant 45.6 1.6E-02 | 8.1E-01

5.4.2 TFBS enrichment analysis

The potential coregulations of coexpressed genes are analysed using Transcription
Factor Binding Site (TFBS) analysis which is done through the same David ontology
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tool. The Benjamini FDR method is used for p-value correction to find over-represented
binding sites in the upstream regions of genes belonging to each tricluster. Table 5 shows
the best five genes that have lower p-value from all the triclusters. Tricluster using en-
coding representation 1 covers 93.3% of genes that are entered. Tricluster using encod-
ing representation 2 covers 94.3% of genes and Tricluster using encoding representation
3 covers 93.5% of genes.

Table 5. TFBS analysis.

Tricluster Gene Term p-value Benjamini
POU3F2 9.6E-05 1.7E-02
ol . FREAC3 2.5E-04 2.2E-02
Z;Li)gf;egrr‘;;‘f CDP 34E-04 |  2.0E-02
sentation — 1 CDC5 3.4E-04 1.5E-02
CREBATF 3.9E-04 1.4E-02
OCT1 4.1E-04 1.2E-02
EN1 2.7E-03 3.8E-01
Tricluster using PAX4 1.4E-02 7.2E-01
encoding repre- USF 4.7E-02 5.8E-01
sentation — 2 NKX3A 4.8E-02 5.4E-01
FOXCl1 5.9E-02 5.6E-01
SP1,4 3.5E-05 6.1E-03
Tricluster using LHX3 1.2E-04 1.0E-02
encoding repre- BRN2 4.2E-04 2.4E-02
sentation — 3 SOX9 6.2E-04 2.7E-02
NKX25 9.5E-04 3.3E-02

The zinc finger transcription factors Spl and Sp4 play an important role in estro-
gen-inducedMCF-7 breast cancer cell line [21, 22]. The basic domain transcription factor
CREB is important for malignancy in breast cancer cell. ATF1, ATF2, ATF3, ATF4,
ATFS5 (CREBATF) likewise play an important role in breast cancer cell [23]. POU2F1
and the TF associated with OCT1 03 is a helix-turn-helix domain transcription factor
(Oct-1) has been reported to be estrogen-responsive of breast cancer [24]. The role of
FOXCI1 as a regulator of human breast cancer cells by activating NF«B signaling has
been discovered in a recent years [25]. Also the biological functions, molecular functions
and cellular component of the genes grouped in the best cluster are shown in the Table 6.
Cell adhesion is the KEGG pathway terms that are observed to be associated with estro-
gen induced breast cancer [26]. Genes of the best tricluster in all the representation have
almost similar properties for biological process, molecular functions and cellular com-
ponent which are all related to the transcription binding sites of estrogen.

Fig. 7 shows the biological significance comparison of the proposed work with the
existing algorithms. This is done by calculating the number of genes in the triclusters
which hit the TFBS analysis with the lowest p-value. The proposed work has higher
percentage of genes in the tricluster with lower p-value than the other algorithms. The
inverse trend of genes hitting the TFBS analysis is observed with proposed work which
has largest population at the lowest p-values whereas the other algorithms have increas-
ing population with increasing p-values.
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Table 6. Gene ontology for best Tricluster in each representation.
Clusters Biological Process Molecular Function Cellular Component
Tricluster using | Cell proliferation, nega- Protein binding, ATP Cytosol, membrane,

encoding rep-
resentation — 1

tive regulation of cell
proliferation, viral pro-
cess, cell adhesion, Posi-
tive regulation of tran-
scription from RNA
polymerase II promoter,
heart deveopment

binding, transcription fac-
tor activity, enzyme bind-
ing, protein complex bind-
ing, kinase activity, tran-
scription factor binding

nucleoplasm, cytop-
lasm, extracellular ex-
osome, protein com-
plex, focal adhesion,
nucleus, actin cyto-
skeleton, melanosome

Tricluster using
encoding rep-
resentation — 2

Transcription,
DNA-templated, protein
ubiquitination, protein
transport, embryonic digit
morphogenesis, multicel-
lular organism develop-
ment

Nucleic acid binding, metal
ion binding, zinc ion bind-
ing, ubiquitin-protein
transferase activity, liquase
activity, transcription fac-
tor activity, sequence-spe-
cific protease activity,actin
binding

Nucleoplsam, lysoso-
mal membrane, ciliary
basal body, cytoplasm,
adherens junction,
mitochondrial inner
membrane, filopodium

Tricluster using
encoding rep-
resentation — 3

Regulation of transcrip-
tion, DNA templated,
Protein ubiquitination,

Zinc ion binding,
Rho-quanyl-nucleotide
exchange factor activity,

Cytoplasm, Nucleo-
plasm, adherens junc-
tion, axoneme, bicel-

miRNA mediated inhibi- | Protein binding, ubiqui- lular tight junction,
tion of translation, cilium | tin-protein transferace ac- lysosomal membrane,
morphogenesis tivity, ubiquitin protein recycling endosome
liquase activity
70 = HEtncluster using encoding
& o representation 1
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B o representation 2
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Fig. 7. Biological significance comparison.

6. CONCLUSION

In this work, TrioCuckoo, a multi objective cuckoo search is employed to identify
the triclusters with three different encoding representations. It extracts group of genes
which are similar on a three dimensional space, thus considering the gene, condition and
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time aspect. The real life time series datasets, GSE11324 and PGC-1 aplha are used for
experimental analysis. The proposed work is compared with PSO in terms of MSR value
and it is also compared with other triclustering algorithms in terms of statistical differ-
ence from background and tricluster quality index and it outperforms the existing meth-
ods. The Biological significance and TFBS Enrichment Analysis of triclusters are ana-
lysed. The experiment results show that the proposed work gives better performance than
existing algorithms. The tricluster encoding representation genes as rows, conditions as
columns, and time as depth representation results outperforms other two representations.
The results of gene ontology and TFBS enrichment analysis signifies that the resultant
tricluster extracted the genes which are biologically significant. The function annotation
ranks the genes with lower p-value indicating which genes are responsible for breast
cancer. The proposed work identifies the top genesCDP, CDCS5, CREBATF, OCT1,
FREACS3, EN1, PAX4, USF, FOX5CI, SP1,SP4, LHX3, SOX9 and NKX25 present in
the tricluster which are associated with the breast cancer.
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