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Abstract

With the advent of microarray technology it has been posdibimeasure thousands of expression values of genes inla sing
experiment. Biclustering or simultaneous clustering ofhbgenes and conditions is challenging particularly for amalysis of
high-dimensional gene expression data in informationawt, knowledge discovery, and data mining. The objedtigee is to find
sub-matricesj.e., maximal subgroups of genes and subgroups of conditionseathe genes exhibit highly correlated activities
over a range of conditions while maximizing the volume sitaoéously. Since these two objectives are mutually comfjicthey
become suitable candidates for multi-objective modelinghis study, we will describe some recent literature orusiering as
well as a multi-objective evolutionary biclustering framak for gene expression data along with the experimensallta

Multi-objective optimization, gene expression, Genetgoathms, Knowledge discovery, Clustering.

I. INTRODUCTION

Microarray experiments produce gene expression patthatoffer enormous information about cell function. Thisigeful
while investigating complex interactions within the cell.[Microarrays are used in the medical domain to producesmdr
profiles of diseased and normal tissues of patients. Sudiigzrare useful for understanding various diseases, anith abre
accurate diagnosis, prognosis, treatment planning, dsaselrug discovery. Being typically high-dimensional, gexpression
data requires appropriate mining strategies like featatection and clustering [2] for further analysis.

Biological networks relate genes, gene products or theiugs (like protein complexes or protein families) to eadieotn
the form of a graph. Clustering of gene expression pattemmdeaing used to generate gene regulatory networks [3]. Amaj
cause of coexpression of genes is their sharing of the riégmilenechanism (coregulation) at the sequence level. €iungt
of coexpressed genes, into biologically meaningful grotyedps in inferring the biological role of an unknown genattis
coexpressed with a known gene(s).

A cluster is a collection of data objects which are similaroiwe another within the same cluster but dissimilar to the
objects in other clusters [4]. The problem is to gradippatterns inton. possible clusters with higntra-classsimilarity and
low inter-classsimilarity by optimizing an objective function. In objeeti function-based clustering algorithms, the goal is to
find a partition for a given value of.. Clustering in gene expression data includes partitiomakarchical, grid-based and
density-based approaches to clustering [2] to name a feve the genes are typically partitioned into disjoint or dapped
groups according to the similarity of their expression @&t overall conditions.

It is often observed that a subset of genes are coregulatedaaxpressed under a subset of conditions, but behave talmos
independently under other conditions. Here the term “dioni8” can imply environmental conditions as well as timenp®
corresponding to one or more such environmental conditBitdustering attempts to discover such local structurenent in
the gene expression matrix. It refers to the simultaneousteding of both genes and conditions in the process of keuyd
discovery about local patterns from microarray data [5]sHiso allows detection of overlapped groupings amongittiadiers,
thereby providing a better representation of the bioldgieality involving genes with multiple functions or thosegulated
by many factors. For example, a single gene may participatadltiple pathways that may or may not be co-active under all
conditions.

It may be noted that clustering approaches compute globdetapwhile biclustering techniques focus on local modet¢sne
of the existing nomenclature for biclustering, particlyian other application fields, are bidimensional clustgrisubspace
clustering and coclustering.

The article is organized as follows. Section Il introdudes preliminaries of gene expression data, genetic algorahd
multi-objective evolutionary algorithms (MOEA). The hisitering problem, along with state-of-the-art literatgtavey, are
described in Section Ill. The multi-objective algorithnr fuiclustering is described in Section 1V along with the expental
result on two benchmark high-dimensional microarray ddtaBiological validation of the selected genes within thdusters
is provided in terms of gene ontology in Section V. Section cdhcludes the article.

Il. PRELIMINARIES

In this section we briefly discuss the basic concepts of mitay gene expression data, genetic algorithm, and mbiiietive
evolutionary algorithm (MOEA).
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Fig. 1. Schematic diagram of a microarray

A. Microarray and gene expression data

Reverse transcribed mRNA or cDNA microarrays (gene arraygeme chips) [1] usually consist of thin glass or nylon
substrates containing specific DNA gene samples spotted srray by a robotic printing device. This measures the ivelat
MRNA abundance between two samples, which are labeled wffifraht fluorescent dyesiz. red and green. The mRNA
binds (hybridizes) with cDNA probes on the array. The rgltbundance of a spot or gene is measured as the logarithmic
ratio between the intensities of the dyes, and constititesggene expression data.

Gene expression levels can be determined for samples tgkanhnqultiple time instants of a biological process (diéfat
phases of cell division) or (ii) under various conditiongg(etumor samples with different histopathological diagis). Each
gene corresponds to a high-dimensional vector of its espresprofile. The data contains a high level of noise due to
experimental procedures. Moreover, the expression valtiemgle genes demonstrate large biological varianceimviibsue
samples from the same class. Fig. 1 provides a schematitadiagf a microarray, depicting the gene expression matréceH
the rows correspond to the gene expression levels of eacplsam

B. Genetic Algorithm

The idea of genetic algorithm (GA) was first introduced byriétolland in early 1970's based on the adaptive global search
heuristic inspired by natural evolution and genetics withvival of the fittest strategy. It is a stochastic populatizased
search strategy works on biological mechanism of naturgcten, crossover, and mutation. GAs are executed iteigti
on a set of coded solutions, callpdpulation with the three basic operatorselection, crossover, and mutatiofor solving
a problem, GA starts with a set of encoded random solutibes ¢hromosomes) and evolves better set of solutions over
generations (iterations) by applying the basic GA opegatBatter solutions are determined from objective valdgsess
functiong that determines the suitability of reproduction for théuions. Hence better solutions are selected whereas e ba
ones are eliminated from the population at each generafioba.basic concepts and operations in standard GA, includes t
following:

1) ChromosomeEach encodedré¢al or binary) solutions are called chromosomésdividualg that are initially generated
randomly. For example, integer 40 can be encoded as a bitrang sf length 101000. each bit in the string is calledene
and the entire string is called a chromosome.

2) Population: A groups of chromosomes/individuals are constitutespulation A population thus forms a set of solutions
of the problem.

3) Fitness valuesEach individualz; corresponds to a fitness valiiéx;). For maximization problem, a large value of fitness
allows the better chance of selection for reproduction efitidividual and hence better for surviving in the enviromie

4) Selection operationThe objective of selection is to choose good individualsrfithe population to mimic thesurvival
of the fittest” strategy. The chance/possibility of selection for an anviddal is determined by the following equation;

Selectprob = % where f(z;) is the fithess value af; and Selectprob is the selection probability fo;.

5) Crossover operationin GA, the crossover operation allows to to introduce newtoh the population. To make the
crossover between two chromosomesandz; selected from the population, a cutting point (cross sgejelected. The genes
behind cutting this point is exchanged to generate new cosomesr; andz’.



6) Mutation operation:Besides crossover operation, the mutation operation dlswet to introduce new features within
the chromosome. This is performed by selecting chromosamdeaarandom position within it by toggling the bit in that
position. The basic steps of the Ga are as follows:

7) Standard GA:

1) Initialize the population randomly.

2) Calculate the fitness function.

3) Perform selection, crossover, and mutation operatiorgeherate the new population.

4) lterate Steps (2) until convergence.

The algorithm is said to be converged if any of the followirandition is satisfied: (i) If the desired result is found) (i it
reaches the maximum number of iterations. or (iii) All s@ns becomes homogeneous.

C. Multi-objective EAs

Most real-world search and optimization problems typicailvolve multiple objectives. A solution that is better vitespect
to one objective requires a compromise in other objectivegroblems with more than one conflicting objective theristxno
single optimum solution. Rather, there exists a set of &matwhich are all optimal involving trade-offs between ftioting
objectives.

Unlike single-objective optimization problems, the mpiié-objective EA tries to optimize two or more conflictingachcter-
istics represented by fitness functions. Modeling thisagitun with single-objective GA would amount to heuristigetenination
of a number of parameters involved in expressing such arscatabination-type fitness function. MOEA, on the other dhan
generates a set dfareto-optimalsolutions [6] which simultaneously optimize the confligtinequirements of the multiple
fitness functions.

Among the different multi-objective algorithms, it is olpged that Non-dominated Sorting Genetic Algorithm (NSGAFT]
possesses all the features required for a good MOEA. It haxs fleown that this can converge to the global Pareto froritewh
simultaneously maintaining the diversity of populatiore \escribe here the characteristics of NSGA-II, like nomuhation,
crowding distance and crowding selection operator. Thisliswed by the actual algorithm.

1) Non-domination:The concept of optimality, behind the multi-objective opitzation, deals with a set of solutions. The
conditions for a solution to bdominatedwith respect to the other solutions are given below.

Definition 1: If there areM objective functions, a solution(!) is said todominateanother solution:(?), if both conditions
(a) and (b) are true:

(@) The solutionz(") is no worsethanz(? in all the M objective functions.

(b) The solutionz(!) is strictly betterthanz(?) in at least oneof the M objective functions.
Otherwise the two solutions aren-dominatingo each other. When a solutiandominates solutiory, thenrank r; < r;.
The major steps for finding the non-dominated set in a pojould® of size |P| are outlined below.

1) Set solution counter= 1 and create an empty non-dominated Bét
2) For a solutionj € P (j # i), check if solutionj dominates solution.
If yesthen go to Step (4).
3) If more solutions are left it?, increment;j by one andyo to Step (2)
ElsesetP’ = P U {i}.
4) Increment; by one.
If : <|P|then go to Step (2)elsedeclareP’ as the non-dominated set.
After all the solutions ofP are checked, the members Bf constitute the non-dominated set at the first level (froribwank
= 1). In order to generate solutions for the next higher I¢deminated by the first level), the above procedure is regean
the reduced populatio® = P — P’. This is iteratively continued untiP = (). The complexity of non-dominated sorting at
each iteration i) (M x P?).

2) Crowding distance:n order to maintain diversity in the population, a measuaked crowding distanceis used. This
assigns the highest value to the boundary solutions andvérage distance of two solution§ |- 1)th and(: — 1)th] on either
side of solutioni along each of the objectives. The following algorithm comeguthe crowding distancé of each point in
the frontF.

1) Let the number of solutions iff bel = |F| and assigni; =0 for i =1,2,...,1.

2) For each objective functiorf,, kK = 1,2,..., M, sort the set in its worse order.

3) Setd; = d; = oo.

4) For j =2to (I — 1) incrementd; by fr, ., — fx; .-

The complexity incurred for calculating the crowding dista iSO(M x Plog P).



3) Crowding selection operatorCrowded tournament selectionoperator is defined as follows. A solutierwins tourna-
ment with another solutiori if any one of the following is true:
« Solutioni has better rank,e., r; < ;.
» Both the solutions are in the same frong., r; = r;, but solutioni is less densely located in the search spaes,
d; > dj.
4) NSGA-II: The multi-objective algorithm NSGA-II is characterized e use of the above-mentioned three characteristics
while generating the optimal solution. Let us now outline thain steps of NSGA-II [7].

1) Initialize the population randomly.

2) Calculate the multi-objective fitness function.

3) Rank the population using the dominance criteria of $acti-C.1.

4) Calculate the crowding distance based on Section 1I-C.2.

5) Do selection using crowding selection operator of SectieC.3.

6) Do crossover and mutation (as in conventional GA) to gateeoffspring population.

7) Combine parent and children population.

8) Replace the parent population by the best members of théioed population. Initially, members of lower fronts raqé
the parent population. When it is not possible to accomnedttthe members of a particular front, then that front is
sorted according to the crowding distance. Selection af/iddals is done on the basis of higher crowding distance Th
number selected is that required to make the new parent piopulsize the same as the size of the old one.

The overall complexity of the above algorithm@ M x P?), and is mainly governed by the non-dominated sorting part.

I11. BICLUSTERING
A. Problem statement
A bicluster is defined as a pdiy, c), whereg C {1,...,m} is a subset of genes and_ {1, ...,n} is a subset of conditions.
The optimization task [5] is to find the largest biclusterttdaes not exceed a certain homogeneity constraint statedv.be

The size (or volume) (g, ¢) of a bicluster is defined as the number of cells in the geneessjzn matrixe (with valuese;;)
that are covered by it. The homogenséiiyy, ¢) is expressed as a mean squared residue score. We maximize

flg,e) = lgl x|, 1)
subject to a lowg(g, ¢) < 6 for (g,c) € X, with X = 2{1-m} » 2{1.n} peing the set of all biclusters, where
1
G(g,c) = m _ Z (eij — €ic — €gj + €gc)2- (2)
1€9,J€C
Here 1
Cic = H Z eijv (3)
Jjec
1
€ai = 1] Z €ij (4)
9 i€g

are the mean row and column expression valuegdot) and
1
egc = T|C| . Z eij (5)

is the mean expression value over all cells contained in itladter (g, c¢). A user-defined thresholiirepresents the maximum
allowable dissimilarity within the bicluster. In other v, the residue quantifies the difference between the acaliat of an
elemente;; and its expected value as predicted from the correspondingirean, column mean, and bicluster mean. A set of
genes whose expression levels change in accordance to trerhover a set of conditions can thus form a perfect bictuste
even if the actual values lie far apart. For a good biclusterhaveG(g, ¢) < ¢ for somed > 0.

The optimization task of finding one or more biclusters by mteining the two competing constraintdz, homogeneity
and size, is reported to be NP-complete [8]. The high conityl@f this problem has motivated researchers to apply wario
approximation techniques to generate near optimal saisitio



B. Survey

There has been a lot of research in biclustering Many googegaron biclustering are available in literature [9], [1[a]1],
[12], [13], [14]. involving statistical and graph-thecdietechniques. The pioneering work by Cheng and Church [5jleys a
set of heuristic algorithms to find one or more biclusterséngexpression data, based on a uniformity criteria. Orlaster
is identified at a time, iteratively. There are iterationsyasking null values and discovered biclusters (replacihgvant cells
with random numbers), coarse and fine node deletion, nodiéiaaddand the inclusion of inverted data. The computationa
complexity for discovering: biclusters is of the order ad(mn x (m +n) x k), wherem andn are the number of genes and
conditions respectively.

Sometimes the masking procedure may result in a phenomehemdom interferencethereby adversely affecting the
subsequent discovery of high quality biclusters. In orderitcumvent this problem, a two-phase probabilistic atpan termed
Flexible Overlapped Clusters (FLOC) [15] is designed toutemeously discover a set of possibly overlapping bielsst
Initial biclusters (or seeds) are chosen randomly from ttigireal data matrix. Iterative gene and/or condition aiddis and/or
deletions are performed with a goal of achieving the bestig@l residue reduction. The time complexity of FLOC is éow
for p iterations(p < n +m); i.e, O((n +m)? x k x p).

The Plaid model [16] tries to capture the approximate uniity in a submatrix of the gene expression data, while disdog
one bicluster at a time in an iterative process. The inputimat described as a linear function of variables corresiog to
its biclusters, and an iterative maximization process issped for estimating the function. It searches for pattevhere the
genes differ in their expression levels by a constant factor

Bipartite graphs are employed in Ref. [17], with a bicludieing defined as a subset of genes that jointly respond aaross
subset of conditions. The objective is to identify the maximweighted subgraph. Here a gene is considered to be rdisigon
under a condition if its expression level changes signifigannder that condition over the connecting edge, witlpees to
its normal level. This involves an exhaustive enumeratioith a restriction on the number of genes that can appeardn th
bicluster. A simultaneous discovery of all biclusters isdmat the same time. It may be noted that in all these methdds it
possible to generate overlapped gene clusters.

A coupled two-way iterative method [18] has been deviseddmmiively generate a set of biclusters, at a time, in cancer
datasets. In the process it repeatedly performs one-wagrbfgcal clustering on the rows and columns of the datairatr
while using stable clusters of rows as attributes for colwlustering and vice versa. The Euclidean distance is usdteas
similarity measure, after normalization of the data.

Gene ontology information, involving hierarchical furttal relationships like “part of”, “overlapping”, has beecorporated
into the clustering process called Smart Hierarchical ®aegt Preserving Algorithm (SHTP) [19]. A fast approximasgtprn
matching technique has been employed [20] to determinemmanrisized biclusters with a number of conditions greaten tha
specified minimum. The worst case complexity of the procedsiclaimed to b&(m?n). Rich probabilistic models have been
used [21] for discovering relations between expressioggilatory motifs and gene annotations. The outcome is aatah
of disjoint biclusters, generated in a supervised manner.

Efficient techniques have been successfully amalgamatedeirDeterministic Biclustering with Frequent pattern muni
algorithm (DBF) [22] to generate a set of good quality bitdus. Here the changing tendency between two conditions is
modeled as an item, with the genes corresponding to traosactA frequent itemset with the supporting genes forms a
bicluster. In the second phase, these are iteratively abftyeadding more genes and/or conditions.

A linear time continuous columns algorithm has been progg28]. This reports all relevant biclusters that are lingar
time on the size of the data matrix. The complexity is reduaier discretizing the expression values inip, downandno
changesymbols, followed by the generation of a suffix tree alonchweitring processing. The performance is demonstrated on
synthetic and real world data.

To overcome some of the existing limitations, an attemptheen made [24] to identify time lagged gene clusters based on
the changing tendency of genes over time. The slope of tleeatized expression matrix is converted into symbols 01:1,
Finally identification of time lagged subgroups of genedwgimilar patterns is possible over consecutive time poftsinary
reference model Bimax [25] provides an interesting comparavaluation of biclustering. A good survey on biclusigris
available in literature [9], with a categorization of thdfelient heuristic approaches made as follows.

« lterative row and column clustering combination [18]: Apmlustering algorithms to the rows and columns of the data
matrix, separately, and then combine the results using starstive procedure.

« Divide and conquer [26]: Break the problem into smaller pubblems, solve them recursively, and combine the solation
to solve the original problem .

« Greedy iterative search [5], [15]: Make a locally optimabate, in the hope that this will lead to a globally good saiuti

« Exhaustive biclustering enumeration: The best biclusteesidentified, using an exhaustive enumeration of all jpessi
biclusters existent in the data, in exponential time [17].

« Distribution parameter identification [16]: Identify bd#ting parameters by minimizing a criterion through arratéve
approach.

There exist a number of investigations dealing with timeesedata [27], [28]. However, in this study, we will not bencerned
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Fig. 2. An encoded chromosome representing a bicluster

with differentiating between time-course and conditias&d gene expression data.

A greedy local search heuristic for biclustering has beg@onted in literature [5]. Here similarity is computed as aasi@re
of the coherence of the genes and conditions in the bicluatdrough the greedy local search methods are by themselves
fast, but they often yield suboptimal solutions.

C. Evolutionary strategies

The quality of a biclustering is often considered to be manpartant than the computation time required to generate it.
Hence genetic algorithms (GAs) [29] provide an alternatficient search technique in a large solution space, based o
the theory of evolution. GAs involve a set of evolutionareogors, like selection, crossover and mutation. A popariadf
chromosomes is made to evolve over generations by optighaifitness function, which provides a quantitative meastire o
the fitness of individuals in the pool. Single-objective Gw#ith local search, has been employed for identifying bigtsin
gene expression data [30]. Another interesting metho@ddakquential evolutionary biclustering (SEBI) is promgbf#l] to
find high quality overlapped biclusters by designing theefis function as an aggregation of mean squared residuaneplu
row variance and a penalty function, in addition to some traireed weightage among the parameters.

A simulated annealing (SA) based biclustering algorithrd][& found to provide improved performance over that of
Ref. [5], and is also able to escape from local minima. Untike classical optimization techniques like GA, that apjatec
only improvements in the chosen fitness functions, SA alkmvala probabilistic acceptance of temporary disimprovane
fitness scores. However, the results are often data dependen

An order preserving sub matrix (OPSM) has been developedeiis. R33], [34], and [35], using greedy search heuristic
and evolutionary strategy respectively. However, theristeproblems related to local optima, consumption of exgess
computational resources, or imposition of strict conatsabn the clustering criterion.

When there are two or more conflicting characteristics to pgénozed, the single-objective GA requires an appropriate
formulation of the single fitness function in terms of an agmtion of the different criteria involved. In such sitoais
multi-objective evolutionary algorithm@®IOEAS) [6] provide an alternative, more efficient, approdc searching for optimal
solutions. They have found successful application in feaselection and classification of microarray gene expoagsatterns
[36].

In this paper we investigate the use of multi-objective Ef\,conjunction with local search heuristics, while genegti
and iteratively refining an optimal set of biclusters. Hdre bbjective is to find one or more biclusters that are optiwiti
respect to their homogeneity and size. Since these twaiardee usually conflicting, this lead us to formulate thdustering
problem in a multi-objective framework. The fithess funosare formulated as a pair, consisting of the mean squasatlie
score [5] and the size of the bicluster.

IV. MULTI-OBJECTIVEBICLUSTERING

Multi-objective evolutionary algorithm is a global seareburistic, primarily used for optimization tasks. In thexcson we
present the general framework and implementation detdilsdti-objective evolutionary algorithm for biclustegn Local
search heuristics are employed to speed up convergencdibyngethe chromosomes.

A. Representation

Each bicluster is represented by a fixed sized binary strallgadt chromosome or individual, with a bit string for genes
appended by another bit string for conditions. The chromm@soorresponds to a solution for this optimal bicluster gatien
problem. A bit is set to one if the corresponding gene anddodiion is present in the bicluster, and reset to zero otiser.
Fig. 2 depicts such an encoding of genes and conditions ir@asome.

The initial population is generated randomly. Uniform d@goint crossover, single-bit mutation, and crowded tament
selection (of Section 1I-C.3) are employed in the multiedijve framework. Both parent and offspring populationgach
generation, are combined to select the best members aswhgament population. Diversity is maintained within thelbsaters
by using the crowding distance operator (of Section II-C.2)



B. Fitness functions

We observe here that one needs to concentrate on generatixighah set of genes and conditions while maintaining the
“homogeneity” of the biclusters. These two charactergsti€ biclusters, being conflicting to each other, are weltegliifor
multi-objective modeling. In order to optimize this pairadnflicting requirements, the fitness functifinis always maximized
while function f, is maximized as long as the residue does not exceed the tialeshThey are formulated as

g Xc
fl_|G|X|C|7 (6)
e it G(g,c) <6
_ 2 g,¢) <
f2 { 0 otherwise 0

whereg and ¢ are the number of ones in the genes and conditions within itlaster, G(g, ¢) is its mean squared residue
score as defined by eqns. (2)-(8)is the user-defined threshold for theaximum acceptabldissimilarity or mean squared
residue score of the bicluster, agtlandC' are the total number of genes and conditions of the origirakgexpression array.

Note thatf; is maximum forg = G andc = C, i.e,, when the submatriXg, ¢) is equal to the whole input dataset. Now as
the size of the bicluster increases, so does the mean squemiede. Therebys is allowed to increase as long as it does not
exceed the homogeneity constraintBeyond this we assign a lower fitness value of zergstowhich is ultimately removed
during non-dominated front selection of MOEA.

C. Local search

Since the initial biclusters are generated randomly, it inagpen that some irrelevant genes and/or conditions getdied
in spite of their expression values lying far apart in thetdea space. An analogous situation may also arise durirgsoxer
and mutation in each generation. These genes and conditighsdissimilar values, need to be eliminated determicédiy.
Furthermore, for good biclustering, some genes and/oritond having similar expression values need to be incaigar
as well. In such situations, local search strategies [5] maremployed to add or remove multiple genes and/or condition
It was observed that, in the absence of local search, stang-aingle-objective or multi-objective EAs could not geste
satisfactory solutions. The algorithm starts with a givéeiuster and an initial gene expression ar(@y, C'). The irrelevant
genes or conditions having mean squared residue abovelw)kee certain threshold are now selectively eliminateda@ded)
using the following conditions. A “node” refers to a gene otandition in the sequel.

1) Multiple nodes deletion.

a) Computee;., g5, €4 @andG(g, ¢) of the bicluster by eqgns. (2)-(5).
b) Remove all genese g satisfying

1
B Z(ei-j — €ic — €gj +egc)? > a x G(g,c). (8)
i€g
c) Recompute;., ey, 5. andG(g, c).
d) Remove all conditiong € ¢ satisfying

ﬁ Z(eij — €ic — €g5 +€g0)> > a x G(g, ). 9)
JEC
2) Single node deletion, corresponding to a refinemergtep (1)
a) Recompute;., ey;, eqc andG(g, ¢) of the modified bicluster bystep (1)
b) Remove the node with largest mean squared residue (dorEofb gene and condition), one at a time, until the
mean squared residue drops beldw

3) Multiple nodes addition.
a) Recompute;., ey;, eqc andG(g, c) of the modified bicluster oStep (2)
b) Add all genes ¢ g satisfying )
el D (eij = eic = eg; + €4e)* < Glg,0). (10)
€9
c) Recompute;., ey, egc andG(g, c).
d) Add all conditions; ¢ ¢ satisfying

1
— Y (€)= €ic — g5+ €ge)” < Gl ). (11)
9l <=
It is proven that node deletion decreases the mean squaiddeescore of the bicluster [5]. Here the parameteetermines
the rate of node deletion. Usually a higher valueaofimplies a decrease in multiple node deletion, such that ¢iselting
bicluster size increases. This leads to an increase in #@adime, during fine tuning in Step 2 of the algorithm.



D. The algorithm

The Non-dominated Sorting Genetic Algorithm (NSGA 11) ofc8en 1I-C.4, in combination with the local search proceslur
of Section IV-C, is used for generating the set of biclustére main steps of the proposed algorithm, repeated ovezafigul
number of generations, are outlined as follows.

1) Generate a random population of si2e

2) Delete or add multiple nodes (genes and conditions) frach éndividual of the population, as discussed in SectioCIV
3) Calculate the multi-objective fitness functiofisand f», using eqns. (6)-(7).

4) Rank the population using the dominance criteria of echi-C.1.

5) Calculate crowding distance as in Section 11-C.2.

6) Perform selection using crowding tournament selectib8extion II-C.3.

7) Perform crossover and mutation (as in conventional GAgdnerate offspring population of size

8) Combine parent and offspring population.

9) Rank the mixed population using dominance criteria amivding distance, as above.
10) Replace the parent population by the Hégtmembers of the combined population, as mentioned in SedtiGm.

E. Results

We have implemented the proposed multi-objective bictirsfealgorithm on microarray data consisting of a benchmark
gene expression dataseiz., YeastAvailability of literature on the performance of relatedarithms on this dataset, prompted
the selection in this study. As the problem suggests, the gizan extracted bicluster should be as large as possible whi
satisfying a homogeneity criterion. The threshéldias selected as 300 fdfeastdata in Refs. [5], [37], [22], [15], [30], [20].
With a view to providing a fair comparison with existing metts, we have often used the same parameter settings&od
«; i.e, d = 300 for Yeast with o = 1.2. We have also made a detailed study on the variationesfetiparameters.

The crossover and mutation probabilities of 0.75 and 0.08veelected after several experiments with random seeds.
However it was noticed that the crossover and mutation petens had insignificant effect on the results, as compardiiito
of § and «. Due to lack of space, we restrict the population size to 5@dionally, we investigated the effect of lowér
values in order to demonstrate the biological relevancénefextracted smaller biclusters.

TABLE |
BEST BICLUSTERS FORYeasDATA AFTER 50 GENERATIONS WITHd = 300

« Bicluster | No. of No. of Mean squared
size genes | conditions residue
1.1 6447 921 7 206.77
1.2 8832 1104 8 249.61
1.3 9846 1094 9 263.48
1.4 11754 1306 9 298.54
15 12483 1387 9 299.88
1.6 12870 1287 10 299.85
1.7 12970 1297 10 299.87
1.8 14828 1348 11 286.27
1.9 13783 1253 11 299.95

1) Yeast data: Yeastatd is a collection of 2884 genes (attributes) under 17 comsitigime points), having 34 null entries
with -1 indicating the missing values. All entries are irgegylying in the range of 0 to 600. The missing values are oepla
by random number between 0 to 800, as in [5].

Table | summarizes the best biclusters fgastdata after 50 generations, with= 300, for different values ofn. The
population size is chosen to be 50. The largest sized balisfound atw = 1.8 for eachd. As mentioned earlier, a low mean
squared residue indicates a high coherence of the disabWbérkisters. It may also include some trivial biclustersiteining
insignificant fluctuations in their expression values, arelreot of interest to our study. Hendeis used as an upper limit of
allowable dissimilarity among genes and conditions. Ha@vea higherd is indicative of diminishing homogeneity.

F. Comparative study

Biclusters of smaller size were discovered in Ref. [37]Yeastdata, using the same valuesdofs mentioned earlier. Those
extracted fromYeastare of sizes (124x 8), (124 x 9), (19 x 8), (19 x 9), (63 x 9), (23 x 9), (20 x 8) and (20x 9),
with the two entries within the parentheses correspondinthpé numbers of genes and conditions, respectively. Natewe
generate biclusters of comparable sizes withs small as 10-20 in case ¥eastdata. Tables | depict some of the bicluster
sizes generated by our proposed algorithm, Yeastdataset, corresponding to differemtd combinations. In all cases our

http://arep.med.harvard.edu



260

200 — H

&
o
i
\

2
=
i
I

Average Residue

50 - - - — S =

FLOC DBF cc GA SEBI MOEA

Fig. 3. Comparative study oveastdata § = 300) for average residue

12000

10000 —

8000 —

G000 —

Average Size

4000 —

2000 -
0 ; ; ; ——
1 2 3 4 5 B

FLOC DBF CC GA SEBl  MOEA

Fig. 4. Comparative study oWeastdata ¢ = 300) for average size

results indicate a better performance in terms of largdusier size, while satisfying the homogeneity criteriorténms of4.
The best entry is marked in bold, in both cases.

Figure 3 and 4 shows a comparative summarization of resalt¢eastdata, involving performance of related algorithms
with a thresholdd = 300. The deterministic DBF [22] discovers 100 biclusterigh half of these lying in the size range 2000
to 3000, and a maximum size of 4000. FLOC [15] uses a prolséibitapproach to find biclusters of limited size, that is agai
dependent on the initial choice of random seeds. FLOC is tblecate large biclusters. However DBF generates a lower
mean squared residue, which is indicative of increasedasiityi between genes in the biclusters. Both these methepisrt an
improvement over the pioneering algorithm of Ref. [5], ddesing mean squared residue as well as bicluster size. gesar
size of 4485 is discovered [5] with = 300. We observe that the bicluster size is always largeumnpooposed method.

Single-objective (classical) GA, along with the local sfastrategy of Section IV-C, was investigated for differsizes
of bicluster populations. The fithess function

Fr=mfi+f (12)

was used, in terms of egns. (6)-(7). Additionally, we workeith 0 < 1,72 < 1 for 0.1 <y, < 0.9 subject toy; = 1 — 72,
and found no significant change in results. Comparison isigeal for the same set of parameter initializations, iniajv
multiple (13-15) runs over the same number of generatiohe.dverage result is included in Figure 4 and 3 Yemstdata.
It is observed that a population size of 50 leads to the géineraf a largest bicluster of size 1408. This is less than the
bicluster size generated by the proposed multi-objectppr@ach.

Single-objective GA has also been used with local search [BOgenerate considerably overlapped biclusters. Anainit
deterministic selection of biclusters, having similaresiis made for uniform distribution of chromosomes in the yafion.
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Thereafter GA is used with minimization of a fitness functidefined as

{ L if G(g,c) <4

Fg,e) =14 &5 (13)

otherwise.

9
The best bicluster generated frofeastdata is 12,350, with an average size of 8,600.

The simulated annealing based algorithm [32] is able to figdificant biclusters of size 18,460 with = 300 for Yeast
data, but it suffers from the “random interference”. Theultssare also data dependent.

V. STATISTICAL SIGNIFICANCE

We determined the biological relevance of smaller bicksster the Yeast cell-cycledata, with =20, in terms of the
statistically significant Gene Ontology (GO) annotationathasé. Here genes are assigned to three structured, controlled
vocabularies (ontologies) that describe gene productering of associated biological processes, components afetuhar
functions in a species-independent manner.

We have measured the degree of enrichmentp-values using a cumulative hypergeometric distribution, that Iwes the
probability of observing the number of genes from a paric@O category (i.e., function, process, component) witkdoh
bicluster. The probability for finding at leastt genes, from a particular category within a cluster of sizés expressed as

k=1 (f\(9—f

=0 n
where f is the total number of genes within a category gnd the total number of genes within the genome [3]. Dhealues
are calculated for each functional category in each cluStatistical significance is evaluated for the genes in drcluster
by computingp-values, that signify how well they match with the differéB®© categories. Note that a smaljewvalue, close
to zero, is indicative of a better match.

Table Il shows the significant shared GO terms (or parent oft&®s) used to describe the set of genes (12 and 18) in
each bicluster, for the process, function and componemtagies. Only the three significant common terms with insieg
order of p-value {.e., decreasing order of significance) are displayed. For tis¢ dluster, the genes (TRM82, TRM112) are
particularly involved in the process of tRNA and RNA metteatidn, tRNA modification; while genes (GBP2, AGE1, TOMZ20,
VPS21, PRS4, SSK22, NHP10, SOK1, etc.) are involved in keellprocess, intracellular transport, etc. The values iwith
parentheses after each GO term in columns 2—4 of the taldh, a1 (2, 0.00024) in the first row, indicate that out of twelve
genes in the first cluster two belong to this process and #tafistical significance is provided bypavalue of 0.00024. Note
that the genes in the cluster share other GO terms also, lhutaniower significancei.g., have highep-value).

From the table we notice that each extracted bicluster #ndisalong each category. For example, the most significant
process in the second cluster are cell organization andebi&gis (genes LSM2, RRP7, NHP10, TOM20, ECM9, EMG1,
SECB65), rRNA processing (genes LSM2, RRP7, EMG1) and memebligid biosynthesis (genes VRA7, FEN1). Looking
at the function category of each cluster, we discover thatntiost significant terms for the first cluster are tRNA (guahin
methyltransferage activity (genes TRM82, TRM112), andtfer second cluster is protein tansporter activity (geneMZQ
PSE1). Finally, the extracted biclusters also differ imrterof their cellular component. The genes (RPS22A, RPS16#)e
first bicluster belong to small ribosomal subunit, thosehaf $econd bicluster (LSM2, RRP7, EMG1, RPC19) to the nucleus
and genes (NCL1, PRS5, NTC20, SHM1, GBP2, IES3, PSE1) ohihe bicluster to the cell. This indicates that the proposed
method is capable of finding potentially biologically sifjcent biclusters.

VI. CONCLUSIONS

In this article we have described an elaborate literaturebimtustering and a general framework for multi-objective
biclustering of gene expression data, while incorporakirogl search for finer tuning. A comparative assessmentfits is
provided on benchmark gene expression dataset to demientteaeffectiveness of the proposed method. Biologicatiatibn
of the selected genes within the biclusters have been prdvig publicly available gene ontology consortium.

Gene expressions provide a fundamental link between gpestgnd phenotypes, and play a major role in biological msEse
and systems including gene regulation, evolution, devekagt and disease mechanism. Biclustering has been maipliedp
to gene expressions involving cancerous data, partigularlidentification of co-regulated genes, gene functiaratotation,
and sample classification.

Biclustering is typically employed in situations involgn(say) the (i) participation of a small set of genes in a ¢atlu
process of interest, (ii) study of an interesting cellulemgess that is active only over a subset of conditions, aiticipation
of a single gene in multiple pathways, that may or may not bectiee under all conditions. Robustness of the algorithms

2http://db.yeastgenome.org/cgi-bin/GO/goTermFinder
3The p-value of a statistical significance test represents thbahitity of obtaining values of the test statistic that agei@ to or greater in magnitude than
the observed test statistic



SIGNIFICANT SHARED GO TERMS (PROCESS FUNCTION, COMPONENT) OF THE SELECTED12, 18GENES FORYeastiDATA

TABLE Il

11

No. of Process Function Component
Genes
tRNA methaylation tRNA (guanine) cytosolic small
(2, 0.00024), RNA methyltransferase ribosomal subunit
methaylation activity (6.07e-05), (sensu Eukaryota)
(2, 0.00027), biopolymer tRNA methyl- (2, 0.0046), Eukaryotic
methaylation (2, 0.0014)] transferase activity| 48S initiation complex
12 tRNA modification (2, 0.00027), RNA | (2, 0.004), Eukaryotic
(2, 0.0015), cellular methyl transferase 43S preinitiation
process (12, 0.0052), | activity (2, 0.0006),| complex (2, 0.0062),
intracellular transport methyltransferase small ribosomal
(4, 0.006), establishment activity (2, 0.007) subunit (2, 0.010)
of cellular localization
(4, 0.0072)
cell organization and protein transporter | nucleus (4, 0.0053),
biogenesis (9, 0.0048),| activity (2, 0.0067) small nucleolar
18 rRNA processing ribonucleo protein
(3, 0.008), primary complex (2, 0.0089)
transcript processing
(2, 0.0120), membrane
lipid biosynthesis
(2, 0.0130)

is also desirable, due to the complexity of the gene reguigtrocesses as well as to intelligently handle the leveloi$en
inherent in the actual experiments. Uncovering genetibways (or chains of genetic interactions) is equivalentdnegating
clusters of genes with expression levels that evolve caottigrander subsets of conditionise., discovering biclusters where a
subset of genes are coexpressed under a subset of cond8imts pathways can provide clues on (say) genes that cotatrib
towards a disease. This emphasizes the possibilities aaltbebes posed by biclustering.

However there also exist other application domains, inalgdnformation retrieval, text mining, collaborative &ling,
target marketing, market research, database researchaadnihing. The tuning and validation of biclustering metboin
comparison to known biological data, is certainly one of itlh@ortant open issues for future research.
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