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Abstract—Gene expression data clustering is one of the important tasks of functional genomics as it provides a powerful tool for

studying functional relationships of genes in a biological process. Identifying coexpressed groups of genes represents the basic

challenge in gene clustering problem. In this regard, a gene clustering algorithm, termed as robust rough-fuzzy c-means, is proposed

judiciously integrating the merits of rough sets and fuzzy sets. While the concept of lower and upper approximations of rough sets deals

with uncertainty, vagueness, and incompleteness in cluster definition, the integration of probabilistic and possibilistic memberships of

fuzzy sets enables efficient handling of overlapping partitions in noisy environment. The concept of possibilistic lower bound and

probabilistic boundary of a cluster, introduced in robust rough-fuzzy c-means, enables efficient selection of gene clusters. An efficient

method is proposed to select initial prototypes of different gene clusters, which enables the proposed c-means algorithm to converge to

an optimum or near optimum solutions and helps to discover coexpressed gene clusters. The effectiveness of the algorithm, along with

a comparison with other algorithms, is demonstrated both qualitatively and quantitatively on 14 yeast microarray data sets.

Index Terms—Microarray, gene clustering, overlapping clustering, rough sets, fuzzy sets

Ç

1 INTRODUCTION

MICROARRAY technology is one of the important biotech-
nological means that has made it possible to

simultaneously monitor the expression levels of thousands
of genes during important biological processes and across
collections of related samples [1], [2], [3]. An important
application of microarray data is to elucidate the patterns
hidden in gene expression data for an enhanced under-
standing of functional genomics.

A microarray gene expression data set can be represented
by an expression table, where each row corresponds to one
particular gene, each column to a sample or time point, and
each entry of the matrix is the measured expression level of a
particular gene in a sample or time point, respectively, [1],
[2], [3]. 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 measure-
ments. A first step toward addressing this challenge is the
use of clustering techniques, which is essential in pattern
recognition process to reveal natural structures and identify
interesting patterns in the underlying data [4].

Cluster analysis is a technique for finding natural groups
present in the gene set. It divides a given gene set into a set of
clusters in such a way that two genes from the same cluster
are as similar as possible and the genes from different clusters

are as dissimilar as possible [2], [3]. To understand gene
function, gene regulation, cellular processes, and subtypes of
cells, clustering techniques have proven to be helpful. The co-
expressed genes, that is, genes with similar expression
patterns, can be clustered together with similar cellular
functions. This approach may further understanding of the
functions of many genes for which information has not been
previously available [5], [6]. Furthermore, coexpressed genes
in the same cluster are likely to be involved in the same
cellular processes and a strong correlation of expression
patterns between those genes indicates coregulation. Search-
ing for common DNA sequences at the promoter regions of
genes within the same cluster allows regulatory motifs
specific to each gene cluster to be identified and cis-
regulatory elements to be proposed [6], [7]. The inference of
regulation through gene expression data clustering also gives
rise to hypotheses regarding the mechanism of transcrip-
tional regulatory network [8].

The purpose of gene clustering is to group together
coexpressed genes which indicate cofunction and coregula-
tion. Due to the special characteristics of gene expression
data, and the particular requirements from the biological
domain, gene clustering presents several new challenges
and is still an open problem. The cluster analysis is
typically the first step in data mining and knowledge
discovery. The purpose of clustering gene expression data
is to reveal the natural data structures and gain some initial
insights regarding data distribution. Therefore, a good
clustering algorithm should depend as little as possible on
prior knowledge, which is usually not available before
cluster analysis.

Different clustering techniques such as hierarchical
clustering [9], k-means algorithm [10], self organizing map
[11], graph theoretical approaches [12], [13], [14], [15], model-
based clustering [16], [17], [18], [19], and density-based
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approach [20] have been widely applied to find groups of
coexpressed genes from microarray data. A comprehensive
survey on various gene clustering algorithms can be found in
[4] and [7].

One of the main problems in gene expression data
analysis is uncertainty. Some of the sources of this
uncertainty include incompleteness and vagueness in cluster
definitions. Also, the empirical study has demonstrated that
gene expression data are often highly connected, and the
clusters may be highly overlapping with each other or even
embedded one in another [20]. Therefore, gene clustering
algorithms should be able to effectively handle this situation.
Moreover, gene expression data often contains a huge
amount of noise due to the complex procedures of micro-
array experiments [21]. Hence, clustering algorithms for
gene expression data should be capable of extracting useful
information from a high level of background noise.

In this background, the possibility concept introduced by
fuzzy set theory [22] and rough set theory [23] have gained
popularity in modeling and propagating uncertainty. Both
fuzzy sets and rough sets provide a mathematical frame-
work to capture uncertainties associated with the data. One
of the most notable prototype-based partitional clustering
algorithms is fuzzy c-means [24], [25]. It assigns each gene
to every cluster by allowing gradual memberships. In effect,
it offers the opportunity to deal with the data that belong to
more than one cluster at the same time. It assigns member-
ships to a gene which are inversely related to the relative
distance of the gene to cluster prototypes. Also, it can deal
with the uncertainties arising from overlapping cluster
boundaries and reveal additional information concerning
gene coexpression [26], [27], [28], [29]. In particular,
information regarding overlapping clusters and overlap-
ping cellular pathways has been identified from fuzzy
clustering results [29], [30]. However, the resulting member-
ship values of fuzzy c-means do not always correspond well
to the degrees of belonging of the data, and it may be
inaccurate in a noisy environment [31]. To reduce this
weakness and to produce memberships that have a good
explanation of the degrees of belonging for the data,
Krishnapuram and Keller [31] proposed possibilistic c-
means algorithm. However, it sometimes generates coin-
cident clusters [3].

Integrating the merits of rough sets and fuzzy sets,
different rough-fuzzy clustering algorithms such as rough-
fuzzy c-means [32], rough-possibilistic c-means [33], and
rough-fuzzy-possibilistic c-means [33] have been proposed,
where each cluster is represented by a cluster prototype, a
crisp lower approximation and a probabilistic and/or
possibilistic fuzzy boundary. The cluster prototype is
computed based on the weighted average of crisp lower
approximation and fuzzy boundary. All these algorithms
can be used for clustering coexpressed genes from micro-
array gene expression data sets [3]. However, the crisp
lower approximation of a gene cluster in rough-fuzzy
clustering [32], [33] is usually assumed to be spherical in
shape, which restricts to find arbitrary shapes of gene
clusters. Recently, fuzzy-rough supervised gene clustering
algorithm is proposed in [34] to find groups of coregulated
genes whose collective expression is strongly associated
with sample categories.

In this paper, a rough-fuzzy clustering algorithm,
termed as robust rough-fuzzy c-means (rRFCM), is pro-
posed for clustering functionally similar genes from
microarray gene expression data sets. It integrates judi-
ciously the merits of rough sets, and probabilistic and
possibilistic memberships of fuzzy sets. While the integra-
tion of both membership functions of fuzzy sets enables
efficient handling of overlapping partitions in noisy
environment, the concept of lower and upper approxima-
tions of rough sets deals with uncertainty, vagueness, and
incompleteness in cluster definition. Each cluster is
represented by a set of three parameters, namely, a cluster
prototype or centroid, a possibilistic lower approximation,
and a probabilistic boundary. The cluster prototype
depends on the weighting average of the possibilistic lower
approximation and probabilistic boundary. An efficient
method is proposed to select initial prototypes of different
gene clusters; thereby circumventing the initialization and
local minima problems of c-means algorithm. The effec-
tiveness of the proposed algorithm, along with a compar-
ison with other gene clustering algorithms, is demonstrated
on a set of 14 microarray gene expression data sets using
some standard validity indices.

The rest of this paper is organized as follows. Section 2
presents a new clustering algorithm, termed as robust rough-
fuzzy c-means, based on the theory of rough sets and fuzzy
sets. Implementation details and a brief description of
different microarray gene expression data sets are reported
in Section 3. Experimental results and a comparison among
several gene clustering algorithms are presented in Section 4.
Section 5 reports the biological significance of generated gene
clusters. Concluding remarks are given in Section 6.

2 ROBUST RFCM ALGORITHM

This section introduces a new c-means algorithm, termed
as robust rough-fuzzy c-means. The proposed c-means
adds the concepts of fuzzy memberships, both probabil-
istic and possibilistic, of fuzzy sets, and lower and upper
approximations of rough sets into c-means algorithm.
While the integration of both probabilistic and possibilistic
memberships of fuzzy sets enables efficient handling of
overlapping clusters in noisy environment, the rough sets
deal with uncertainty, vagueness, and incompleteness in
cluster definition.

2.1 Objective Function

Let X ¼ fx1; . . . ; xj; . . . ; xng be the set of n objects and V ¼
fv1; . . . ; vi; . . . ; vcg be the set of c centroids, where xj 2 <m
and vi 2 <m. Each of the clusters �i is represented by a

cluster center vi, a lower approximation Að�iÞ and a

boundary region Bð�iÞ ¼ fAð�iÞ nAð�iÞg, where Að�iÞ
denotes the upper approximation of cluster �i. The

proposed c-means algorithm partitions X into c clusters

by minimizing following objective function:

J ¼
wA1 þ ð1� wÞB1; if Að�iÞ 6¼ ;; Bð�iÞ 6¼ ;;
A1; if Að�iÞ 6¼ ;; Bð�iÞ ¼ ;;
B1; if Að�iÞ ¼ ;; Bð�iÞ 6¼ ;;

8<
: ð1Þ
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where A1 ¼
Xc
i¼1

X
xj2Að�iÞ

ð�ijÞ �m2kxj � vik2

þ
Xc
i¼1

�i
X

xj2Að�iÞ
ð1� �ijÞ �m2 ;

and B1 ¼
Xc
i¼1

X
xj2Bð�iÞ

ð�ijÞ �m1kxj � vik2:

The parameters w and (1� w) correspond to the relative
importance of lower and boundary regions, while 1 � �m1 <
1 and 1 � �m2 <1 are the probabilistic and possibilistic
fuzzifiers, respectively. Note that �ij 2 ½0; 1� is the probabil-
istic membership function as that in fuzzy c-means and
�ij 2 ½0; 1� represents the possibilistic membership function
that has the same interpretation of typicality as in
possibilistic c-means.

In robust rough-fuzzy c-means, each cluster is repre-
sented by a centroid, a possibilistic lower approximation,
and a probabilistic boundary (Fig. 1). The lower approx-
imation influences the fuzziness of final partition. Accord-
ing to the definitions of lower approximation and
boundary of rough sets [23], if an object xj 2 Að�iÞ, then
xj 62 Að�kÞ; 8k 6¼ i, and xj 62 Bð�iÞ; 8i. That is, the object xj
is contained in �i definitely. Hence, the memberships of the
objects in lower approximation of a cluster should be
independent of other centroids and clusters. Also, the
objects in lower approximation should have different
influence on the corresponding centroid and cluster. From
the standpoint of “compatibility with the cluster proto-
type,” the membership of an object in the lower approx-
imation of a cluster should be determined solely by how
far it is from the prototype of the cluster, and should not be
coupled with its location with respect to other clusters. As
the possibilistic membership �ij depends only on the
distance of object xj from cluster �i, it allows optimal
membership solutions to lie in the entire unit hypercube
rather than restricting them to the hyperplane given by (3).
Whereas, if xj 2 Bð�iÞ, then the object xj possibly belongs
to cluster �i and potentially belongs to another cluster.
Hence, the objects in boundary regions should have
different influence on the centroids and clusters, and their
memberships should depend on the positions of all cluster
centroids. So, in robust rough-fuzzy c-means, the member-
ship values of objects in lower approximation are identical
to possibilistic c-means (4), while those in boundary region
are the same as fuzzy c-means (2).

2.2 Membership Function

Solving (1) with respect to �ij and �ij, we get

�ij ¼
Xc
k¼1

kxj � vik2

kxj � vkk2

 ! 1
�m1�1

2
4

3
5
�1

; ð2Þ

subject to
Xc
i¼1

�ij ¼ 1; 8j; and 0 <
Xn
j¼1

�ij < n; 8i; ð3Þ

�ij ¼ 1þ kxj � vik2

�i

( ) 1
ð �m2�1Þ

2
4

3
5
�1

; ð4Þ

subject to 0 <
Xn
j¼1

�ij � n; 8i; and max
i
�ij > 0; 8j; ð5Þ

where the scale parameter �i is given by

�i ¼ K �
Pn

j¼1ð�ijÞ
�m2kxj � vik2Pn

j¼1ð�ijÞ
�m2

; ð6Þ

which represents the zone of influence or size of the

cluster �i. Typically K is chosen to be 1. Combining (2)

and (4), the following relation can be established between

the probabilistic and possibilistic memberships of object xj
in cluster �i:

�ij ¼
Xc
k¼1

�i
�k

�kjð1� �ijÞ
�ijð1� �kjÞ

� � �m2�1
( ) 1

�m1�1

2
4

3
5
�1

: ð7Þ

From the above relation, it can be seen that the probabilistic

membership �ij is directly proportional to the possibilistic

membership �ij of object xj in cluster �i.

2.3 Cluster Prototypes

The new centroid is calculated based on the weighting

average of the possibilistic lower approximation and

probabilistic boundary. Computation of the centroid is

modified to include the effects of both fuzzy memberships,

probabilistic and possibilistic, and lower and upper bounds.

The modified centroid calculation for robust rough-fuzzy c-

means is obtained by solving (1) with respect to vi:

vi ¼
wC1 þ ð1� wÞD1; if Að�iÞ 6¼ ;; Bð�iÞ 6¼ ;;
C1; if Að�iÞ 6¼ ;; Bð�iÞ ¼ ;;
D1; if Að�iÞ ¼ ;; Bð�iÞ 6¼ ;;

8<
: ð8Þ

where C1 ¼

X
xj2Að�iÞ

ð�ijÞ �m2xj

X
xj2Að�iÞ

ð�ijÞ �m2
; D1 ¼

X
xj2Bð�iÞ

ð�ijÞ �m1xj

X
xj2Bð�iÞ

ð�ijÞ �m1
:

Hence, the cluster prototypes or centroids depend on the

parameters w and (1� w), and fuzzifiers �m1 and �m2 rule

their relative influence.
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Fig. 1. Robust RFCM: cluster �i is represented by possibilistic lower
approximation and probabilistic boundary.



2.4 Details of the Algorithm

Approximate optimization of the objective function J (1) by
the robust rough-fuzzy c-means is based on Picard iteration
through (2), (4), and (8). This type of iteration is called
alternating optimization.

The process starts by choosing c objects as the initial
centroids of the c clusters. The possibilistic memberships of
all the objects are calculated using (4). The scale parameters
�i for c clusters are obtained using (6). Let �i ¼ ð�i1; . . . ;
�ij; . . . ; �inÞ represents the possibilistic cluster �i associated
with the centroid vi. After computing �ij for c clusters and n
objects, the values of �ij for each object xj are sorted and the
difference of two highest memberships of xj is compared
with a threshold value �1. Let �ij and �kj be the highest and
second highest memberships of xj. If ð�ij � �kjÞ > �1, then
xj 2 Að�iÞ, otherwise xj 2 Bð�iÞ and xj 2 Bð�kÞ if �ij > �2.
After assigning each object in lower approximations or
boundary regions of different clusters based on the thresh-
olds �1 and �2, the probabilistic memberships �ij for the
objects lying in the boundary regions are computed from
the possibilistic memberships �ij using (7). The new
centroids of different clusters are computed as per (8).
The main steps of the robust rough-fuzzy c-means algo-
rithm proceed as follows:

1. Assign initial centroids vi, i ¼ 1; 2; . . . ; c. Choose
values for fuzzifiers �m1 and �m2, and calculate
thresholds �1 and �2 . Set iteration counter t ¼ 1.

2. Compute �ij by (4) for c clusters and n objects.
3. If �ij and �kj be the highest and second highest

possibilistic memberships of object xj and ð�ij �
�kjÞ > �1 then xj 2 Að�iÞ. In addition, by proper-
ties of rough sets, xj 2 Að�iÞ.

4. Otherwise, xj 2 Bð�iÞ and xj 2 Bð�kÞ if �ij > �2.
Furthermore, xj is not part of any lower bound.

5. Compute �ij for the objects lying in boundary
regions for c clusters using (7).

6. Compute new centroid as per (8).
7. Repeat Steps 2 to 6, by incrementing t, until no more

new assignments can be made.

In effect, the proposed algorithm has an overall
computational complexity of OðtcnmÞ, where t, c, n, and
m represent the number of iteration, clusters, objects, and
dimension of each object, respectively.

2.5 Selection of Parameters

The parameter w has an influence on the performance of
robust rough-fuzzy c-means algorithm. Since the genes
lying in lower approximation definitely belong to a cluster,
they are assigned a higher weight w compared to (1� w) of
the genes lying in boundary regions. On the other hand, the
performance of proposed c-means significantly reduces
when w ’ 1:0. In this case, since the clusters cannot see the
genes of boundary regions, the mobility of the clusters and
the centroids reduces. As a result, some centroids get stuck
in local optimum. Hence, to have the clusters and the
centroids a greater degree of freedom to move, 0 <
ð1� wÞ < w < 1.

The performance of robust rough-fuzzy c-means also
depends on the values of two thresholds �1 and �2, which
determine the cluster labels of all the genes. In other word,

the robust rough-fuzzy c-means partitions the data set into

two classes, namely, lower approximation and boundary,

based on the values of �1 and �2. The thresholds �1 and �2

control the size of granules of rough-fuzzy clustering. In

practice, the following definitions work well:

�1 ¼
1

n

Xn
j¼1

ð�ij � �kjÞ; ð9Þ

where n is the total number of genes, �ij and �kj are the

highest and second highest memberships of object xj. That

is, the value of �1 represents the average difference of two

highest possibilistic memberships of all the genes in the

data set. A good clustering procedure should make the

value of �1 as high as possible. On the other hand, the genes

with ð�ij � �kjÞ � �1 are used to calculate the threshold �2:

�2 ¼
1

�n

X�n

j¼1

�ij; ð10Þ

where �n is the number of genes those do not belong to lower

approximations of any cluster and �ij is the highest member-

ship of gene xj. That is, the value of �2 represents the average

of highest memberships of �n genes in the data set.

2.6 Selection of Initial Cluster Prototypes

A limitation of the c-means algorithm is that it can only

achieve a local optimum solution that depends on the initial

choice of the cluster prototypes. Consequently, computing

resources may be wasted in that some initial centers get stuck

in regions of the input space with a scarcity of data points and

may therefore never have the chance to move to new

locations where they are needed. To overcome this limitation

of the c-means algorithm, next a method is proposed to select

initial cluster prototypes, which is based on a similarity

measure. It enables the algorithm to converge to an optimum

or near optimum solutions or cluster centers.
Prior to describe the proposed method for selecting

initial cluster centers, next a quantitative measure, called

degree of similarity (DOS), is defined to evaluate the

similarity between two genes.

Definition 1. The degree of similarity between two objects xi and

xj is defined as

DOSðxi; xjÞ ¼
1

m

Xm
k¼1

1� jxik � xjkj
jkmax � kminj

� �
; ð11Þ

where m is the number of features of the object xi, kmax,

and kmin denote the maximum and minimum values along

the kth feature, respectively. The DOS is used to quantify

the similarity between pairs of genes. If expression values of

two genes are different, the DOS between them is small. A

high value of DOSðxi; xjÞ between two genes xi and xj
asserts that they may have similar expression patterns and

are likely to be involved in same biological process. If two

genes are same, the DOS between them is maximum, that

is, DOSðxi; xiÞ ¼ 1. Hence, 0 � DOSðxi; xjÞ � 1. Also,

DOSðxi; xjÞ ¼ DOSðxj; xiÞ.
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Based on the concept of degree of similarity, next a
method is described for selecting initial prototypes. The
main steps of this method proceed as follows:

1. For each gene xi, calculate DOSðxi; xjÞ between itself
and the gene xj, 8nj¼1.

2. Calculate similarity score between genes xi and xj

Sðxi; xjÞ ¼
1; if DOSðxi; xjÞ > �;
0; otherwise;

�
ð12Þ

where 0:5 � � � 1.
3. For each gene xi, calculate total number of similar

genes of xi as

NðxiÞ ¼
Xn
j¼1

Sðxi; xjÞ: ð13Þ

4. Sort n genes according to their values of NðxiÞ such
that Nðx1Þ > Nðx2Þ > � � � > NðxnÞ.

5. If NðxiÞ > NðxjÞ and DOSðxi; xjÞ > �, then xj cannot
be considered as a initial cluster center, resulting in a
reduced set of genes to be considered for initial
cluster centers.

Finally, c initial centers are selected from the reduced set
as potential initial centers. The main motive of introducing
this initialization method lies in identifying different dense
regions present in the data set. The identified dense regions
ultimately lead to discovering natural groups present in the
data set. The whole approach is, therefore, data dependent.

3 EXPERIMENTAL SETUP

In the present research work, the performance of the
proposed robust rough-fuzzy c-means algorithm is com-
pared with that of hard c-means (HCM) [10], fuzzy c-means
(FCM) [27], rough-fuzzy c-means (RFCM) [32], cluster
identification via connectivity kernels (CLICK) [14], and
self organizing map (SOM) [11] on several microarray gene
expression data sets. The major metrics for evaluating the
performance of different algorithms are Silhouette index
[35], Davies-Bouldin (DB) index [36], Dunn index [36], �
index [37], Eisen plot [5], and execution time. Also, the
biological significance of the generated gene clusters using
different methods is analyzed using the Gene Ontology
Term Finder [38], [39]. For each microarray gene expression
data set, the number of gene clusters c is decided by using
the CLICK [14] algorithm. The weight parameter w for
rough-fuzzy clustering is set to 0.99, while the values of
fuzzifiers �m1 ¼ 2:0 and �m2 ¼ 2:0. The source code of the
proposed algorithm and the supplementary information are
available at http://www.isical.ac.in/~pmaji/results/
rrfcm.html.

3.1 Gene Expression Data Sets Used

In this paper, publicly available 14 yeast microarray time
series gene expression data sets are used to compare the
performance of different gene clustering methods. Table 1
presents the accession number, number of genes, and time
points of each microarray data set, which are downloaded
from Gene Expression Omnibus (http://www.ncbi.nlm.
nih.gov/geo/).

3.2 Quantitative Measures

Following quantitative indices are used to evaluate the
performance of different gene clustering algorithms for
grouping functionally similar genes from microarray gene
expression data sets.

3.2.1 Davies-Bouldin Index

The Davies-Bouldin index [36] is a function of the ratio of
sum of within-cluster distance to between-cluster separa-
tion and is given by

DB ¼ 1

c

Xc
i¼1

max
i6¼k

SðviÞ þ SðvkÞ
dðvi; vkÞ

� �
; ð14Þ

for 1 � i; k � c. The DB index minimizes the within-cluster
distance SðviÞ and maximizes the between-cluster separa-
tion dðvi; vkÞ. Therefore, for a given data set and c value,
the higher the similarity values within the clusters and the
between-cluster separation, the lower would be the DB
index value. A good clustering procedure should make the
value of DB index as low as possible.

3.2.2 Dunn Index

Dunn’s index [36] is also designed to identify sets of clusters
that are compact and well separated. Dunn’s (D) index
maximizes

D ¼ min
i

min
i6¼k

dðvi; vkÞ
maxl SðvlÞ

� �� �
; ð15Þ

for 1 � i; k; l � c. A good clustering procedure should make
the value of Dunn index as high as possible.

3.2.3 � Index

The � index [37] is defined as the ratio of total variation and
within-cluster variation, and is given by

� ¼ N

M
; where N ¼

Xc
i¼1

Xni
j¼1

kxij � vk2;

M ¼
Xc
i¼1

Xni
j¼1

kxij � vik2; and
Xc
i¼1

ni ¼ n; ð16Þ

ni is the number of objects in the ith cluster (i ¼ 1; 2; . . . ; c),
n is the total number of objects, xij is the jth object in cluster
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i, vi is the mean or centroid of ith cluster, and v is the mean
of n objects. For a given data set and c value, the higher the
homogeneity within the clusters, the higher would be the �
value. The value of � also increases with c.

4 RESULTS AND DISCUSSION

The experimental results on 14 microarray data sets are
presented in this section. Subsequent discussions analyze
the results with respect to DB index [36], Dunn index [36],
Silhouette index [35], � index [37], Eisen plot [5], and
execution time.

4.1 Optimum Value of Threshold �

The threshold � in (12) plays an important role to select
initial cluster prototypes of different gene clusters. It
controls the redundancy among the initial prototypes.
Hence, it has a direct influence on the performance of
proposed algorithm as well as other c-means algorithms.

To find out the optimum values of threshold � for
different microarray gene expression data sets, the Silhouette
index [35] is used. Let a gene xi 2 �r, i ¼ 1; . . . ; nr and nr is
the cardinality of cluster �r. For each gene xi let ai be the
average distance between gene xi and rest of the genes of �r,
that is,

ai ¼ davgðxi; �r � fxigÞ; ð17Þ

where davgð:; :Þ denotes the average distance measure
between a gene and a set of genes. For any other cluster
�p 6¼ �r, let davgðxi; �pÞ denote the average distance of gene
xi to all genes of �p. The scalar bi is the smallest of these
davgðxi; �pÞ; p ¼ 1; . . . ; c; p 6¼ r, that is,

bi ¼ min
p¼1;...;c;p 6¼r

davgðxi; �pÞ
� 	

: ð18Þ

The Silhouette width of gene xi is then defined as

sðxiÞ ¼
bi � ai

maxfbi; aig
; ð19Þ

where �1 � sðxiÞ � 1. The value of sðxiÞ close to 1 implies
that the distance of gene xi from the cluster �r where it
belongs is significantly less than the distance between xi
and its nearest cluster excluding �r, which indicates that xi
is well clustered. On the other hand, the value of sðxiÞ close
to �1 implies that the distance between xi and �r is

significantly higher than the distance between xi and its
nearest cluster excluding �r, which indicates that xi is not
well clustered. Finally, the values of sðxiÞ close to 0 indicate
that xi lies close to the border between the two clusters.
Based on the definition of sðxiÞ, the Silhouette of the cluster
�k (k ¼ 1; . . . ; c) is defined as

Sð�kÞ ¼
1

nk

X
xi2�k

sðxiÞ; ð20Þ

where nk is the cardinality of the cluster �k. The global
Silhouette index for threshold � is defined as

Sc ¼
1

c

Xc
k¼1

Sð�kÞ; ð21Þ

where Sc 2 ½�1; 1�. Also, the higher the value of Sc, the
better the corresponding clustering is.

For 14 microarray data sets, the value of � is varied from
0.90 to 1.0. Fig. 2 represents the variation of Silhouette index
with respect to different values of � on GDS1013, GDS2267,
and GDS2713 data sets considering w ¼ 0:99, �m1 ¼ 2:0, and
�m2 ¼ 2:0. From the results reported in Fig. 2, it is seen that as
the threshold � increases, the Silhouette index value
increases and attains its maximum value at a particular
value of �?. After that the Silhouette index value decreases
with the increase in the value of �. Hence, the optimum value
of � for each data set is obtained using the following relation:

�? ¼ arg max
�
fScg: ð22Þ

The optimum values of �� obtained using (22) are 0.90 for
GDS608, GDS1611, GDS2002, GDS2003, GDS2347, GDS2712,
and GDS2715, 0.91 for GDS759, GDS2318, and GDS2713,
0.94 for GDS1550 and GDS2267, 0.92 and 0.96 for GDS1013
and GDS2196, respectively. Finally, Table 2 presents the
performance of the proposed clustering algorithm for
different values of �. The results and subsequent discus-
sions are presented in this table with respect to Silhouette
index, DB index, and Dunn index. From the results reported
in Table 2, it is seen that the proposed clustering algorithm
achieves its best performance at � ¼ �?, irrespective of the
cluster validity indices used. However, the Dunn index
attains its maximum values at � ¼ 0:91 for GDS608 data and
0.92 for GDS759, GDS2318, and GDS2713 data, which are
marked bold in Table 2.
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Fig. 2. Variation of Silhouette index for different values of threshold �.



4.2 Random versus Proposed Initialization Method

Table 3 provides the comparative results of different c-means
algorithms with random initialization of centroids and
proposed initialization method described in Section 2.6 for
14 yeast microarray data sets. The best results of each
c-means clustering algorithm are reported for their optimal
� values. In most of the cases, the proposed initialization
method is found to improve the performance in terms of
Silhouette index, DB index, and Dunn index for all c-means
algorithms. Out of 168 comparisons, the proposed initializa-
tion method is found to provide significantly better results in
147 cases compare to the random initialization method. From
the results marked bold in Table 3, it is seen that the rRFCM
algorithm with proposed initialization method performs
better than any other c-means clustering algorithms in all
cases irrespective of the initialization methods.

However, it can also be seen that the HCM algorithm with
the proposed initialization method outperforms the rRFCM
algorithm with random initialization method in five and four
cases in terms of Silhouette index and DB index, respectively.
On the other hand, the RFCM algorithm with the proposed

initialization method performs better in six, five, and two
cases compare to the rRFCM algorithm with random
initialization method with respect to Silhouette index, DB
index, and Dunn index, respectively. Also, the FCM algo-
rithm with proposed initialization method performs better
than the rRFCM algorithm with the random initialization
method in only one case in terms of Silhouette index. The
better performance of the proposed initialization method is
achieved due to the fact that it enables the algorithm to
converge to an optimum or near optimum solutions.

4.3 Quantitative Performance Analysis

This section presents the comparative performance analysis
of different gene clustering algorithms with respect to
Silhouette index, DB index, Dunn index, � index, and
execution time.

4.3.1 Performance of Different C-Means Algorithms

In order to establish the importance of possibilistic lower
approximation of proposed robust rough-fuzzy c-means
over crisp lower approximation of existing rough-fuzzy
c-means [32], extensive experimentation is carried out on
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TABLE 2
Performance of Proposed Algorithm on 14 Microarray Data Sets for Different Values of �



14 yeast microarray data sets. Results and subsequent
discussions are presented in Table 4, along with the
performance of both HCM [10] and FCM [27], for optimum
values of �. The bold value in Table 4 signifies the best value.

All the results reported in Table 4 establish the fact that
the proposed gene clustering algorithm is superior to other
c-means clustering algorithms. It is also seen that the
proposed rRFCM algorithm achieves better results with
comparable time than that obtained using existing RFCM
algorithm, irrespective of the data sets and quantitative

indices used. The possibilistic lower approximation of the

rRFCM helps to extract gene groups of any shape, while

crisp lower approximation of the RFCM is forced to extract

circular shaped gene clusters. In effect, the chance of

inclusion of noisy genes becomes more in the RFCM as

compare to the proposed rRFCM algorithm. Hence, the

possibilistic lower approximation of the proposed rRFCM

helps in discovering clusters of genes that are highly similar

to each other.
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TABLE 3
Comparative Performance Analysis of Random and Proposed Initialization Methods

TABLE 4
Performance of HCM, FCM, RFCM, and rRFCM Algorithms



The best performance of the rRFCM, in terms of
Silhouette, DB, Dunn, and � indices, is achieved due to the
fact that the probabilistic membership function of the rRFCM
handles efficiently overlapping gene clusters; and the
concept of possibilistic lower approximation and probabil-
istic boundary of the rRFCM algorithm deals with uncer-
tainty, vagueness, and incompleteness in cluster definition.

4.3.2 Performance of CLICK, SOM, and rRFCM

In order to establish the superiority of the proposed rRFCM
algorithm over two existing gene clustering algorithms,
namely, CLICK [14] and SOM [11], extensive experimenta-
tion is performed on 14 yeast microarray data sets. Table 5
presents the comparative assessment of these three cluster-
ing algorithms, in terms of Silhouette index, DB index,
Dunn index, and � index, where bold value represents the
best value. From the results reported in this table, it can be
seen that the proposed rRFCM algorithm performs sig-
nificantly better than both CLICK and SOM, irrespective of
microarray data sets and quantitative indices used. Hence,
the proposed algorithm can identify compact groups of
coexpressed genes.

4.4 Qualitative Performance Analysis

The Eisen plot gives a visual representation of the clustering
result. In Eisen plot [5], the expression value of a gene at a
specific time point is represented by coloring the corre-
sponding cell of the data matrix with a color similar to the
original color of its spot on the microarray. The shades of
red color represent higher expression level, the shades of
green color represent low expression level and the colors
toward black represent absence of differential expression
values. In the present representation, the genes are ordered
before plotting so that the genes that belong to the same
cluster are placed one after another. The cluster boundaries
are identified by white colored blank rows.

The gene clusters produced by the HCM, FCM, RFCM,
SOM, and rRFCM algorithms on 14 yeast data sets are
visualized by TreeView software, which is available at
http://rana.lbl.gov/EisenSoftware and the plots for four
data sets are reported in Fig. 3 as examples. From the Eisen
plots presented in Fig. 3, it is evident that the expression
profiles of the genes in a cluster are similar to each other

and they produce similar color pattern, whereas the genes
from different clusters differ in color patterns. Also, the
results obtained by both RFCM and rRFCM algorithms are
more promising than that by both HCM and FCM
algorithms. For the purpose of illustration, the Eisen plots
for gene clusters generated by the SOM are also presented
in Fig. 3. From the plots presented in Fig. 3, it is clearly
evident that the proposed rRFCM generates the Eisen plots
having similar color pattern within the cluster as compare
to the SOM.

5 BIOLOGICAL SIGNIFICANCE ANALYSIS

To interpret the biological significance of the generated
gene clusters, the Gene Ontology (GO) Term Finder is used
[38], [39]. It finds the most significantly enriched GO terms
associated with the genes belonging to a cluster. The GO
project aims to build tree structures, controlled vocabul-
aries, also called ontologies, that describe gene products in
terms of their associated biological processes (BP), mole-
cular functions (MF) and cellular components (CC). The GO
Term Finder determines whether any GO term annotates a
specified list of genes at a frequency greater than that would
be expected by chance, calculating the associated p-value by
using the hypergeometric distribution and the Bonferroni
multiple-hypothesis correction [38], [39]:

p ¼ 1�
Xk�1

i¼0

M
i

� �
N �M
n� i

� �
N
n

� � ; ð23Þ

where N is the total number of genes in the background
distribution, M is the number of genes within that
distribution that are annotated, either directly or indirectly,
to the node of interest, n is the size of the list of genes of
interest and k is the number of genes within that list which
are annotated to the node. The closer the p-value is to zero,
the more significant the particular GO term associated with
the group of genes is, that is, the less likely the observed
annotation of the particular GO term to a group of genes
occurs by chance. On the other hand, the false discovery
rate (FDR) is a multiple-hypothesis testing error measure
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TABLE 5
Performance of CLICK, SOM, and rRFCM on 14 Yeast Microarray Data Sets



indicating the expected proportion of false positives among

the set of significant results. The FDR is particularly useful

in the analysis of high-throughput data such as microarray

gene expression.

5.1 Functional Consistency of Clustering Result

In order to evaluate the functional consistency of the gene
clusters produced by different algorithms, the biological
annotations of the gene clusters are considered in terms of
the GO. The annotation ratios of each gene cluster in three
GO ontologies are calculated using the GO Term Finder
[38]. The GO term is searched in which most of the genes
of a particular cluster are enriched. The annotation ratio,
also termed as cluster frequency, of a gene cluster is
defined as the number of genes in both the assigned GO
term and the cluster divided by the number of genes in
that cluster. A higher value of annotation ratio indicates
that the majority of genes in the cluster are functionally
more closer to each other, while a lower value signifies that
the cluster contains much more noises or irrelevant genes.
After computing the annotation ratios of all gene clusters
for a particular ontology, the sum of all annotation ratios is
treated as the final annotation ratio. A higher value of final
annotation ratio represents that the corresponding cluster-
ing result is better than other, that is, the genes are better

clustered by function, indicating a more functionally
consistent clustering result [40].

The upper portion of Fig. 4 presents the comparative
results of the RFCM and rRFCM algorithms, in terms of final
annotation ratio or cluster frequency, for the MF, BP, and CC
ontologies on 14 yeast microarray data sets. All the results
reported here confirm that the rRFCM provides higher or
comparable final annotation ratios than that obtained using
the RFCM algorithm in most of the cases. Out of 14 cases, the
RFCM provides higher final annotation ratios in only 2, 3,
and 1 cases for the MF, BP, and CC ontologies, respectively.
The middle portion of Fig. 4 reports the comparative final
annotation ratio or cluster frequency of the HCM, FCM, and
rRFCM algorithms on 14 data sets. From the results reported
in this portion, it is seen that the proposed rRFCM algorithm
attains higher final annotation ratio than that obtained using
other c-means algorithms in 14, 11, and 9 cases for the MF,
BP, and CC ontologies, respectively. On the other hand, the
HCM achieves higher values, for the BP and CC ontologies,
respectively, in 2 and 2 cases, while the FCM provides in 1
and 3 cases.

Finally, the lower portion of Fig. 4 compares the final
annotation ratios obtained using the CLICK, SOM, and
rRFCM algorithms. From the results reported in this portion,
it can be seen that the final annotation ratio obtained using
the proposed rRFCM algorithm is higher than that obtained
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Fig. 3. Eisen plots of different clusters for four yeast data sets generated by HCM, FCM, RFCM, SOM, and rRFCM.



using both CLICK and SOM, irrespective of the ontologies
and data sets used. Hence, all the results reported in Fig. 4
establish the fact that the majority of genes in a cluster
produced by the rRFCM algorithm are functionally more
closer to each other than those by other algorithms, while the
clusters obtained using existing algorithms include much
more noises or irrelevant genes.

5.2 Biologically Significant Gene Clusters

This section presents the comparative performance analysis
of different gene clustering algorithms, in terms of number
of significant gene clusters generated. Fig. 5 presents the

results for the MF, BP, and CC ontologies on 14 yeast

microarray data sets. The GO Term Finder [38] is used to

determine the statistically significant gene clusters pro-

duced by different algorithms for all the GO terms from the

MF, BP, and CC ontologies. If any cluster of genes generates

a p-value smaller than 0.05, then that cluster is considered

as a significant cluster. The upper portion of Fig. 5 presents

the comparative results of the RFCM and rRFCM algo-

rithms for the MF, BP, and CC ontologies. From the results,

it is seen that the proposed rRFCM generates more or

comparable number of significant gene clusters in 10, 13,
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Fig. 4. Biological annotation ratios of different algorithms on 14 gene expression data sets.

Fig. 5. Biologically significant gene clusters of different algorithms on 14 gene expression data sets.



and 12 cases, while the RFCM generates more number of
significant gene clusters in four, one, and two cases for the
MF, BP, and CC ontologies, respectively.

The middle portion of Fig. 5 reports the number of
significant gene clusters generated by the HCM, FCM, and
rRFCM algorithms for the MF, BP, and CC ontologies for all
microarray data sets. All the results reported in this portion
establish the fact that the rRFCM algorithm generates more
or comparable number of significant gene clusters than that
of other c-means algorithms in most of the cases. For the MF
ontology, out of 14 cases, the rRFCM generates more
significant gene clusters in eight cases, while the HCM
generates in six cases. On the other hand, the rRFCM
produces more or comparable number of significant gene
clusters in nine cases and the HCM generates more number
of significant gene clusters in only five cases for the BP
ontology. In case of the CC ontology, the rRFCM algorithm
generates more or comparable number of significant gene
clusters in eight cases and the HCM generates more number
of significant gene clusters in six cases. On the other hand,
the rRFCM algorithm generates more or comparable
number of significant gene clusters in ten cases and the
FCM generates more number of significant gene clusters in
four cases for both MF and BP ontologies. While, in the CC
ontology, the rRFCM generates more number of significant
gene clusters in seven cases and the FCM generates more
number of significant gene clusters in seven cases. In other
words, all the results reported in Fig. 5 establish the fact that
the proposed rough and fuzzy set-based rRFCM can
discover more functionally similar groups of coexpressed
genes than that of other c-means algorithms.

Finally, the performance of CLICK, SOM, and rRFCM
algorithms is compared in lower portion of Fig. 5 with
respect to the number of significant gene clusters generated
for MF, BP, and CC ontologies. From the results reported in
this portion, it is seen that the proposed rRFCM algorithm
generates more or comparable number of significant gene
clusters compare to CLICK and SOM algorithms in most of
the cases. Out of 14 cases, the rRFCM algorithm generates
more or comparable number of significant gene clusters
than both CLICK and SOM in twelve, nine, and nine cases
for the MF, BP, and CC ontologies, respectively. Hence, the

proposed rRFCM can generate more biologically significant
gene clusters than both CLICK and SOM.

5.3 Biological Interpretation of Gene Clusters

This section presents the biological interpretation of some
gene clusters those are generated only by the proposed
rRFCM algorithm, but not generated by any other cluster-
ing algorithms. Table 6 presents the unique GO terms
obtained using the rRFCM algorithm for GDS2003 data set
as an example, along with the corresponding cluster index
and frequency, p-value, and FDR.

In GDS2003 data set, the gene expression of JM43 and
isogenic msn2/4 mutant KKY8 cells were recorded in
aerobic to anaerobic shift condition [41]. Hence, this data set
should reflect the processes those are involved in aerobic
and anaerobic respiration of yeast cell. In anaerobic
condition, yeast cell ferments and produces alcohol [42].
The GO term alcohol biosynthetic process corresponding to
cluster 21 of the rRFCM reflects this activity of yeast cell.
The yeast cells of this data set were cultured in galactose
medium that acts as a derepressor, that is, in absence of
glucose and in presence of galactose, the GAL gene converts
galactose into glucose that can be further utilized for
generating energy [43]. The transcription of GAL gene is
thus regulated by the presence of galactose. This phenom-
ena can be reflected by the term transcription regulator
activity of cluster 1.

The terms electron transport chain (ETC) and mitochon-
drial respiratory chain annotating the genes of cluster 11,
and tricarboxylic acid cycle (TCA) of cluster 8 reflect the
processes involved in aerobic respiration of yeast cells [42].
The enzyme succinate dehydrogenase is involved in
between TCA and ETC cycles, which is the only enzyme
of the TCA cycle that is an integral membrane protein [42].
The genes of cluster 8 obtained by the rRFCM are also
annotated by the term succinate dehydrogenase activity.
Moreover, the ETC cycle involves copper bound protein [44]
and cytochromes [45]. These two processes are reflected by
the terms copper ion binding and heme binding of cluster 13
and cluster 23, respectively, of the rRFCM algorithm. In
order for galactose to be metabolized by yeast, it must first
be transported into the cell. Yeast cells have hexose
transporters in their membranes to tackle this task [43].
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Unique GO Terms Obtained Using Proposed Algorithm for GDS2003



The rRFCM algorithm is also able to group genes in cluster
12 those are annotated to the term hexose transport.

The biological interpretation of some unique clusters

identified by the proposed rRFCM algorithm reported above

establish the fact that the algorithm generates significant gene

clusters those are biologically relevant with respect to the

given microarray data sets. The unique GO terms obtained

using the rRFCM for all 14 microarray data sets are available

at http://www.isical.ac.in/~pmaji/results/rrfcm.html.

6 CONCLUSION

The contribution of the paper lies in developing a new gene

clustering algorithm, which integrates judiciously c-means

algorithm, rough sets, and probabilistic and possibilistic

memberships of fuzzy sets. This formulation is geared

toward maximizing the utility of both rough sets and fuzzy

sets with respect to knowledge discovery tasks. The

effectiveness of the proposed algorithm is demonstrated,

along with a comparison with other related algorithms, on

14 yeast microarray gene expression data sets using some

standard cluster validity indices and gene ontology.
The proposed initialization method is found to provide

better performance in 87.50 percent cases than random
initialization; thereby successful in effectively circumventing
the initialization and local minima problems of iterative
refinement clustering algorithms like c-means. The proposed
method also attains its best results in 82.14 percent cases for
optimum parameter values. Moreover, the proposed algo-
rithm performs significantly better than other methods,
irrespective of the microarray data sets and quantitative
indices used, and provides biologically significant and
relevant gene clusters.
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