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ABSTRACT

Biclustering algorithms simultaneously cluster baifvs and columns. These types of algorithms apdieap

to gene expression data analysis to find a sulfsgemes that exhibit similar expression patterneuna
subset of conditions. Cheng and Church introduder mean squared residue measure to capture the
coherence of a subset of genes over a subset diticms. They provided a set of heuristic algorithbased
primarily on node deletion to find one biclusteraoset of biclusters after masking discovered btelts with
random values. The mean squared residue is a papeksure of bicluster quality. One drawback howeve
is that it is biased toward flat biclusters withwlwow variance. In this paper, we introduce an ioved
bicluster score that removes this bias and promttesdiscovery the most significant biclusters he t
dataset. We employ this score within a new bichirsteapproach based on the bottom up search syrateg
We believe that the bottom-up search approachrbeibelels the underlying functional modules of tieag
expression dataset.
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1. INTRODUCTION expression analysis by Cheng and Church [5]. They
developed a two-way correlation metric called the

Advances in gene expression microarrmean squared residue score to measure the bicluster
technologies over the last decade or so have nmadgality of selected rows and columns from the gene
possible to measure the expression levels egpression data matrix. They employed this metric
thousands of genes over many experimemdthin a top-down greedy node deletion algorithm
conditions (e.g., different patients, tissue tyjpesl aimed at discovering all the significant biclusters
growth environments). The data produced in thegthin a gene expression data matrix. Followings thi
experiments are usually arranged in a data mafriseminal work, other metrics and biclustering
genes (rows) and conditions (columns). Results frisemeworks were developed [6], [7], [8]. However,
multiple microarray experiments may be combinagdproaches based on Cheng and Church’s mean
and the data matrix may easily exceed thousandsquiared residue score remain most prevalent in the
genes and hundreds of condition in size. literature [9], [10], [11], [12].

As datasets increase in size, however, it One notable drawback, however, of the
becomes increasingly unlikely that genes will mretanean squared residue score is that it is alsotaffec
correlation across the full set of conditions makiby variance, favouring correlations with low
clustering problematic. The gene expression conteatiances. Furthermore, because variance changes by
further exacerbates this problem as it is nbe square of the change in scale, the score tends
uncommon for the expression of related genes tadlseover correlations over lower scales. Thesecteffe
highly similar under one set of conditions and yailminate in a bias toward ‘flat’ biclusters comiiaig
independent under another set [4]. Given thesessgenes with relatively unfluctuating expression leve
it is perhaps more prudent to cluster genes ovewithin the lower scales (fold changes) of the gene
significant subset of experimental conditions. Thagpression dataset. This issue has been articulated
two-way clustering technique has been termaviously in [13]. In this paper, we introduce an
biclustering and was first introduced to gemaproved bicluster scoring metric which compensates
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for this bias and enables the discovery of bichsstexpression analysis, as suggested by [16]. Thus the
throughout expression data, including thoseist several drawbacks and limitations in
potentially more interesting correlations over tdetermining gene ontological relationships by récen
higher scales (fold changes). available tools yet [20], and so with focusing on
Correlation Coefficient between two rando?nowing the general biclusteri_ng problem, this work

concentrates on the establishment of enrichment

variables may be used for studying the linegr . C o . .

. orithms based on numerical information provided
dependency between two genes. In this paper,d&ﬁ

0

fact has motivated the use of measures base %he data matrix only.
proposed correlations among genes [21,22]. In [23In the context of gene expression analysis, the
the correlation coefficient is used for forminigput data is usually given as a two-dimensionahda
biclusters with a greedy algorithm. In [24] amatrix A maintaining the expression value ai,j of
enumeration algorithm based on a tree structuredbject i under condition j by a floating-point nuemnb
biclustering is presented and it uses an evaluafitve rows are then in general associated with the
function based on the Spearman’s Rank correlatiogenes and the columns refer to the conditions of a
biological experiment. In the following we will
2. RELATED WORK consider the general case of a finite two-dimeraion

Cheng and Church were one of the first Wm)atrix AU IrR2 given by a set of rows and a set of

introduced the term "biclustering” in the context 80Iumns.
expression data analysis [2]. They also introdubed  Definition 1: bicluster

mean squared residue as a homogeneity measurem%_pt X m dat trix A with th t of N
and proposed heuristic algorithms exploitin lvenan x m data matrix A wi € setotrows

mathematical properties of the mean squared resi&%g f[he set of colulmns M, we d_enote t.he element of
Since then several different biclustering approac QW | and column j of the matrix as al, . The row
have been proposed, for example random wajgan, or the mean value of row i is then given as
strategies [14], evolutionary algorithms [12], [28]d 1

parameter distribution identification [15], [16].h& i J = mz @i js

biclustering problem is taken to be NP-complete [2] Fef

so strategies solving this task should aim only at

approximating the optimal solution in order to saveand equally, the mean value of column j is denoted
time and space resources. Theoretical aspectseofith

mean squared residue have only slightly or not eve {

at all been analyzed. Many approaches jus a; ;= —T oy i

incorporate or extend the heuristic algorithm of 1] I—; )

Cheng and Church with slightly or no changes. Cho ) ,

et al figured out theoretical aspects of the mea,r"f“"] refers to the mean value of the whole bictuste
squared residue for the columns and for the rdféehas

explicitly, and applied k-means clustering on both 1

dimensions separately to find non-overlapping k ron g; ; = _Z Z”‘f-i'

and | column cluster minimizing the homogeneity = e

score [17]. Kung et al analyzed the impact of using T

more than one metric model and proposed a classifid-inally, a bicluster (I, J) is defined as a suhsiet
system based on fuzzy support vector machinesol@s | ) N and a subset of columnsd M. The
gather subsets of genes and subsets of conditieas mean, the column mean and the mean of the
[18]. Empirical studies of the mean squared resiguole bicluster are also known as the base of a row

have shown that by using this measure one is ablgh¢ base of a column and the base of a bicluster
find shifting but no scaling patterns [19]. Thigspectively [5].

observation emphasizes the fact that the mean _

squared residue may not be the only appropriat€finition 2: mean row and mean column of a
homogeneity measure for a comprehensive analfister Given a bicluster (I, J), the mean rowah

of biological or other related data sets. In ortter(l: J) is defined as

increase the performance in the context offhe mean column mcis defined analogously:
biologically meaningful outcome of biclustering

algorithms, the incorporation of ontological datséa m(I,J)= -{Ern_,."\”j_,f ..... Ajrj—1.7 } - (2)
knowledge might be a key feature of a gene
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mr stands for the |J|-dimensional vector
maintaining the mean values of all columns, and 1
therefore clearly defined for each bicluster. Nii@t ~ Var. (I, J) = — Z ve (i) (7
the mean row mr differs from the row mean, t 1 icl
mean value ai,J of row i. Same considerations hold .
for the mean column of a bicluster. In order toW'th
qguantify the homogeneity within the elements of a
bicluster, the mean squared residue H has kb 1 ’ .
introduced by [3] as: Urlb) = 11 £\%i3 — B0/ (8)

Definition 3: mean squared residue

Given a bicluster (I, J), the mean squared resig/g(%;négeis\éaer]f;ré%ear?;oroc‘)’ns;' The mean column
H(l, J) is defined as gously.

Definition 5: residual distance

1 . o i
H(I.J)= (s )2 (i&iven the set of rows N and the set of columns M
ST TE ZJ: Z:I T of an n xm input matrix A, the residual distancg,d
- k) between any pair of rows (i, I@ | x | is defined
with as:

o B p— A - . . 5 E 3 .

rlaij) = ai;+ar s —ap;—aqir i r.?’,-:_r..‘[.':l _ - Z'-’”i_ff:._inf'f-k-._j 12 (0)
representing the residue of element ai,j Jed
Additionally the row residue dr(i) of a rowd 1ofa  with

bicluster (I, J) is defined as:

iy, Qg 5) = Tl2e ) —Tlas ;) =€p s —ap g +a; r—a; ;

1 ; .
""Er-l: r'_] == _JT Z .r':-lf]'..__l'_:l_?- (. (10)
1] jed and r(ai,j), r(ak,j) known as the residue of eletmen
The definition of the column residue dc(j) of al and ‘fflk'] respectively (see equation (4)). The
column | 0 Jis analogously given as reS|du§1I distance between any pair of columns dc ca
be defined adequately as

1 . ; _ ;
rf_,_. :,’ Y= ..-.:_H_{_J .:—T_ { vlasz.a) =rlagg)—rla ;) = —aj+ay;—a; ;. (11
7] ZJ

" The residual distance function dr measures the
The mean squared residue measures the cohergigegnce between two rows or two columns, whereby

of all elements within a bicluster, with low valuahe outcome is related to the homogeneity function

indicating a high correlation. A bicluster (I, B imean squared residue. The question of what kind of

called a perfect bicluster if H(l, J) = 0, and albster relation exists and how it can be exploited to

with H(l, J) S 0 is called 9 -bicluster. O describes €Stablish biclustering algorithms will be answeired

the tolerated level of deviance within a biclustdgtail in the following sections.

motivated by technological boundaries of precision

and by the occurrence of systematic and non-

systematic bias in experimental measurements in

general. For this reason, most approaches search fo

o -bicluster rather than for perfect ones. Besides th
degree of homogeneity, a bicluster (I, J) can akso
characterized by measuring its information content.
One often used function is known as the mean row
variance Var(l, J) [2], defined as:

Definition 4: mean row variance
Given a bicluster (1, J), the mean row variance

Varr(l, J) is defined as

10



Journal of Theoretical and Applied I nformation Technology
15" October 2011. Vol. 32 No.1

© 2005 - 2011 JATIT & LLS. All rights reserved

" a
C7aN ]

E-1SS1817-3195

ISSN: 1992-8645
3. THEALGORITHM

www.jatit.org

Procedure Biclusters finding ()

Inputs : Data Matrix. A=a;. 1= 1...N. j=1... M. bicluster (I. 7). _ . . o
5 5 g B2 8.5 Inputs : Data matrix A=a; . i=1...N. j=1...M. score limit .
homogeneity bounds ¢ . 01 and 02 with 015 0 <0 - i 4
positive integer values K; € IN limit constant ** . constant T.

Outputs : A set of T biclusters with scores <0
Output : New bicluster (I, ) with T’ 21

Procedure Row_Exfension
1. Computem, (I',J),aprand d; (Lo (I, 1)) forall 1. randomly select I 2 {1.2.......M}, randomly select i
rowsi € N, and let I” be an empty set of rows. € {1.2.....N}. set I={i}, score =0
2. Addallrowsi’ €N, i £ I' to the bicluster (", ). if
d@.m@n S 01 holds,

g=q0

(=)

_LAJ

Row_Extension
3. Repeat Step 1 and Step 2 until no improvements

observed or maximum number K; iterations holds. If no extension is achieved go to step 2;

3 =(score+8)/2
Column_Extension

§ =score

Column Extension based on &
Row Extension based on 8,0

4. Computem, (I' . T}, ). ap yandd, (Lm (I". 1)) for
all rowsi € N,

5. Sort the set of rows

r={r| ¢ £10 4 (rm (0.0) S 02

in ascending order of d, (1".m, (I". 1))

10. print bicluster (I, ))

Procedure Column_Extension 1, return;

1. Computem, (I'.J),ar;andd, (Lm (I',7)) forall

rows i € N. and let I" be an empty sef of rows. Note that the value of 0 is computed from the value of 0 g

2 Addallzowsi €N, i I to the bicluster @, N.if 0=as .where & is another constant, Lower value of & is

d, (' m (I.7) < 91 holds.

3. Repeat Step 1 and Step 2 until no improvements

another constant. Lower value of & (<1) leads to detection of
more coherent biclusters with lower score, while higher value

bserved or maxi ber K; iterations holds. - ‘ e
PRSI S e afa(’—’ 1) finds biclusters with higher score.
4, Computem (I', ) )apyandd. (Lm (I, 1)) for
owei €
albrowsd =8 4. EXPERIMENTAL RESULTS

5. Sort the set of rows . . . .
The Biclustering algorithm is tested on one set of

expression data used in [2] and downloaded from
http://arep.med.harvard.edu/biclustering . The skita

is the yeast data containing 2,884 genes and 17
conditions. Integer valued elements range between 0
and 600 with 34 missing values. We replaced the
missing values with uniformly distributed random
numbers within data range.

r={"| " E U4 (i".m (P.]) S O2)

in ascending order of d. (1".m. (I".7)).

Our algorithm can detect biclusters with lower or

higher score within the given limit of5 depending
R —————————
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on the selected value df . This is demonstratedp. CONCLUSION
with the three biclusters shown in table 1 extrdcte

from yeast dataset using three different value§ of
All the biclusters extracted from the dataset may

In this paper we provided a bottom up algorithm
that detects one biclusters at a time. Considedtieg

be biologically interesting. We have not studig@pact of proposed algorithm , it is quite promgsin
biological significance of the biclusters. We hag@richment method with regard to mean square

extracted 100 biclusters from the dataset.

430

Gene P
exp.
value

68

10
Conditions

Figure | : Bicluster extracted from our algorithm

15 17

residue. An initial bicluster needs to be created o
accepted as input and then it is extended by adding
rows and columns. A set of biclusters are created
with different initializations. Only a few passes, (

for example) over the data matrix is required tal fa
bicluster. The method may not be able to detecesom
very small biclusters as it adds rows incrementally
Because if there is no bicluster with 2 genesaftrot
detect bicluster with 3 genes.

The limitation of the algorithm is that although it
generates biclusters; not all biclusters are faionie
interesting.

Future works will focus on some improvements for
the proposed algorithm with regard to the
overlapping among genes and to the fitness function

( genes: 216, 217, 526, 616, 1022, 1184, 147REFERENCES

1623,1795, 2086, 2278, 2375, 2538)
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