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A Granular Self-Organizing Map for Clustering
and Gene Selection in Microarray Data

Shubhra Sankar Ray, Avatharam Ganivada, and Sankar K. Pal, Fellow, IEEE

Abstract— A new granular self-organizing map (GSOM) is
developed by integrating the concept of a fuzzy rough set with the
SOM. While training the GSOM, the weights of a winning neuron
and the neighborhood neurons are updated through a modified
learning procedure. The neighborhood is newly defined using the
fuzzy rough sets. The clusters (granules) evolved by the GSOM
are presented to a decision table as its decision classes. Based
on the decision table, a method of gene selection is developed.
The effectiveness of the GSOM is shown in both clustering
samples and developing an unsupervised fuzzy rough feature
selection (UFRFS) method for gene selection in microarray data.
While the superior results of the GSOM, as compared with the
related clustering methods, are provided in terms of β-index,
DB-index, Dunn-index, and fuzzy rough entropy, the genes
selected by the UFRFS are not only better in terms of classifica-
tion accuracy and a feature evaluation index, but also statistically
more significant than the related unsupervised methods. The
C-codes of the GSOM and UFRFS are available online at
http://avatharamg.webs.com/software-code.

Index Terms— Bioinformatics, clustering, feature selection,
granular neural network, rough-fuzzy computing.

I. INTRODUCTION

GRANULAR computing (Grc) is a paradigm in which
granules are computed by grouping similar type of

objects, based on their characteristics like similarity, equality,
and proximity. The components of soft computing like fuzzy
logic, rough sets, neural networks, their integrations, and many
others can be used for Grc. In fuzzy logic, the information
granules are characterized by generalized fuzzy constraints [1].
The objects in the granules are assigned with the fuzzy mem-
bership values. In rough sets, the crisp information granules
are computed for approximating a set. The vagueness of
the set is dealt using the lower and upper approximations
of the set [2]. In fuzzy rough sets, the fuzzy equivalence
classes are based on the tolerance relation or fuzzy reflexive
relation. Here, the uncertainty of the set is modeled by the
fuzzy lower and upper approximations. In neural networks, the
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structure of granulation is introduced, typically, by the self-
organizing map (SOM) [3]. The present investigation deals
with the development of a granular SOM (GSOM) using fuzzy
rough sets and a feature selection algorithm based on GSOM
for microarray gene expression data analysis. The subsequent
paragraphs describe the related works and a brief description
of the proposed methods.

In neural networks, the information granules are embedded
to develop efficient granular neural networks, which shows
high performance and handles uncertainty. While efficiency of
the granular neural networks in achieving high performance
can be observed by evaluating the clustering solutions or
classification results, that in handling uncertainty arising from
overlapping class boundaries can be viewed from the data
plots in feature space and/or confusion matrix. The existing
Grc frameworks [4]–[7] can improve the performance of
conventional neural networks by precisely defining the initial
connection weights between nodes in different layers through
granules, before training. A hierarchical GSOM, involving
bidirectional update propagation, is used in [4] for discovering
granulation structures. A rough set is mainly characterized
by lower and upper approximations and information granules.
While the information granulation is exploited for Grc, the
lower and upper approximations are used for uncertainty
handling. The models in [5]–[7] use the concept of infor-
mation granules for extracting the domain knowledge. In the
process, [5] uses rough sets whereas [6] and [7] use fuzzy
rough sets; thereby making the latter models superior in terms
of handling uncertainty. The SOM-based models [5] and [7]
use Gaussian function for defining the neighborhood. Other
rough fuzzy set-based clustering algorithms are rough fuzzy
possiblistic c-means (RFPCM) [8], rough possibilistic
c-means (RPCM) [8], and robust rough fuzzy c-means algo-
rithm (RRFCM) [9]. Here, the rough fuzzy sets are used to
define probabilistic and possibilistic membership values to
patterns in a set. In this investigation in designing the GSOM,
we exploit the other aspects of rough sets, namely, lower and
upper approximations in defining the neighborhood function
of SOM based on the concepts of fuzzy rough set for better
modeling of the overlapping regions.

Deoxyribonucleic acid (DNA) microarray contains
thousands of spots representing genes from different
samples. messenger ribonucleic acid are extracted from
tumor/normal cells and are converted into cDNAs using
reverse transcription. A scanner is used to measure the
fluorescence values of tumor cDNA, normal cDNA, and
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complementary sequences of DNA, and used as the expression
values for different genes [10]. In general, gene expression
data contain higher number of genes and less number of
samples (patterns/objects). Some genes may be irrelevant
for performing classification, clustering, and feature
selection tasks. Hence, selection of relevant genes is an
important task for identifying diseases and the underlying
biological process.

Gene selection may be viewed as feature selection in pattern
recognition framework. The existing methodologies for feature
selection involve both classical and modern approaches.
A rough set-based method for clustering the genes (features)
and selecting the genes in the best cluster, in terms of a
cluster validation measure, is developed in [11]. In [12], infor-
mation measures are developed using fuzzy rough sets. The
method involves maximization of relevance and minimization
of redundancy among selected genes. In [13], an unsupervised
feature selection network based on the minimization of fuzzy
feature evaluation index using gradient decent method is devel-
oped. Fuzzy rough methodologies for dimensionality reduction
are depicted in [14] and [15]. While the method in [14] is a
supervised one, the method in [15] works in an unsupervised
manner. A popular classical approach for feature selection is
reported in [16], where the feature having the farthest distance
from its neighboring features in the cluster, evolved by
K-nearest neighbor (K-NN) principle, is selected.

In this investigation, a new GSOM and a method for gene
selection are introduced. During training of the GSOM for
the first iteration, the adjustment of initial weights of the
winning neurons and its neighborhood neurons are dependent
on the Gaussian neighborhood function as in [3]. For the
remaining iterations, the output clusters are presented to a
decision table as its decision classes. Based on the decision
table, the proposed neighborhood function for updating the
connection weights is defined using the lower and upper
approximations of fuzzy rough set. The resultant clusters of
the GSOM are used in finding the dependence factor for
each gene using the concepts of fuzzy rough set, and the
genes are ranked according to the increasing values of the
dependence factors for selection, say unsupervised fuzzy
rough feature selection (UFRFS). Therefore, the novelty of the
proposed methods lies in: 1) developing a new neighborhood
function using fuzzy rough sets (fuzzy lower and upper
approximations) to modify the learning procedure of the
SOM for dealing with overlapping regions and 2) ranking
genes based on fuzzy rough dependence values derived from
the clustering solutions. In the first case, the concept of
fuzzy lower and upper approximations is used in granular
neural networks for the first time, and its application for
designing a neighborhood function for SOM is also unique.
In the second case, extracting fuzzy rough dependence values
from clustering solutions (in unsupervised manner) is itself
a new concept and its application for ranking genes is
shown for the first time. Incorporation of fuzziness in the
neighborhood function of GSOM handles the uncertainty
arising from overlapping regions, and on the top of this,
incorporation of lower and upper approximations of rough
set theory further helps in determining the exactness in class

shapes which is not possible with the conventional SOM
for overlapping class boundaries. Beside, the aforesaid
conceptwise novelty, the proposed method differs
algorithmwise as follows. The methods in [5] and [7]
concern with the initialization of the connection weights of
SOM using rough rules. On the other hand, the proposed
method concerns with the neighborhood function of SOM
involving lower and upper approximations of rough sets.

The paper is organized as follows. The preliminaries on
fuzzy rough sets are discussed in Section II. The proposed
GSOM and the UFRFS for gene selection are described in
Sections III and IV, respectively. In Section V, the results
of GSOM, in terms of four clustering evaluation measures,
and UFRFS, in terms of classification accuracies and feature
evaluation measure, are compared with different clustering
and feature selection algorithms, respectively. Section VI
concludes the present investigation.

II. PRELIMINARIES ON FUZZY ROUGH SETS

In fuzzy rough sets, the similarity between any two patterns
in a set A ⊆ U , representing the universe of objects,
is modeled by the fuzzy relation R, which is defined as

R(x, x) = 1 (reflexive)

R(x, y) = R(y, x) (symmetry), and

T (R(x, y)R(y, z)) ≤ R(x, z) (T − transitivity)

for all x , y, and z in A. When the relation R does not satisfy
the T -transitivity property with respect to the given t-norm,
it is referred as fuzzy similarity relation. The relation R is
fuzzy reflexive relation, when it does not satisfy both the
symmetry and T -transitivity properties. The fuzzy reflexive
relation or fuzzy similarity relation R is used to express the
approximation equality between two objects in a set A ⊆ U ,
corresponding to a feature. Different notions to fuzzy rough
set, based on the fuzzy similarity relations, are defined
in [17] and [18]. A fuzzy rough set, based on fuzzy reflex-
ive relation and fuzzy decision classes, is characterized by
rough lower and upper approximations. The fuzzy reflexive
relation and fuzzy decision classes are based on the fuzzy
decision system. These are defined in [19] and discussed
as follows.

A. Decision System

Let S = (U,F ∪ {d}) denote a decision system. Here,
F represents the features, say {a1, a2, . . ., an}. The crisp
decision classes are represented by {d} = {Xk , k =
1, 2, . . . , c}, where c denotes the number of decision classes
and Xk is a decision attribute, labeled with c-values (labeled
classes). The decision classes are characterized by its
decision attribute Xk . The features and decision classes
are used to compute the fuzzy reflexive relation and fuzzy
decision classes.

B. Fuzzy Reflexive Relation

A fuzzy reflexive relation Ra , between any two patterns
x and y in U , with respect to a feature a ∈ F , is defined
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in [7] as

Ra(x, y) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

max

(

min

(
a(y) − a(x) + σak1

σak1

,

a(x) − a(y) + σak1

σak1

)

, 0

)

if a(x), a(y) ∈ Rd (Xk1)

max

(

min

(
a(y) − a(x) + σak2

σak2

,

a(x) − a(y) + σak2

σak2

)

, 0

)

if a(x) ∈ Rd (Xk1), a(y) ∈ Rd (Xk2 )

and k1 �= k2

(1)

where k1 and k2 = 1, 2, . . . , c, and σak1
and σak2

represent
the standard deviation for all the patterns in the classes k1
and k2, corresponding to the decision attributes Xk1 and Xk2 .

C. Defining Decision Classes Using Fuzzy Sets

Let Okj and Vkj , j = 1, 2, . . . , n, denote mean and
standard deviation, respectively, of the patterns belonging to
the kth class. The weighted distance Zik of a pattern −→x i ,
i = 1, 2, . . . , s, (where s is the total number of patterns),
from the kth decision class is defined as

Zik =
√
√
√
√

n∑

j=1

[
xi j − Okj

Vkj

]2

, for k = 1, 2, . . . , c (2)

where xi j represents the j th feature of the i th pattern.
For the i th pattern in the kth class, the membership value

is defined as

μk(�xi ) = 1

1 +
(

Zik
fd

) fe
(3)

where fe and fd are fuzzifiers. The values of fe and fd

are chosen to be 1 and 5, respectively, as in [20]. When the
decision attribute is quantitative, the fuzzy decision classes are
defined as follows.

1) The membership values of all the patterns in the
kth class to its own class are defined as

Dkk = μk(
−→x i ), if k = l (4)

where μk(
−→x i ) represents the membership value of the

i th pattern to the kth class.
2) The membership values of all patterns in the kth class

to other classes are defined as

Dkl = 1, if k �= l (5)

where k and l = 1, 2, . . . , c. For any two patterns x
and y ∈ U , with respect to a feature a ∈ {d}, the fuzzy
decision classes are defined as

Rd (x, y) =
{

Dkk , if a(x) = a(y)
Dkl , otherwise.

(6)

D. Lower and Upper Approximations

The lower approximation of a set A ⊆ U , denoted
by (Ra ↓ Rd), is defined in [19] as

(Ra ↓ Rd)(x) = min{γ (x), γ c(x)} (7)

where

γ (x) = inf
y∈A

{Ra(x, y) · Rd (x, y)} (8)

γ c(x) = inf
y∈U−A

{max(1 − Ra(x, y), Rd(x, y))} (9)

for all x ∈ A. The upper approximation of a set A ⊆ U ,
denoted by (Ra ↑ Rd ), is defined in [19] as

(Ra ↑ Rd )(x) = max{γ (x), γ c(x)} (10)

where

γ (x) = sup
y∈A

{1 − Ra(x, y) + (Ra(x, y).Rd(x, y))} (11)

and

γ c(x) = sup
y∈U−A

{min(Ra(x, y), Rd(x, y))} (12)

for all x in A.
For any B ⊆ F and for x ∈ U , the degree of dependence

of γ, depending on the set of features B ⊆ F , is defined as

γB =
∑

x∈U (RB ↓ Rd )x

|U | (13)

where | · | denotes the cardinality of a set U , and the value of
γ is 0 ≤ γ ≤ 1. A lower dependence degree for a feature/gene
signifies that the gene is the best for selection.

III. PROPOSED GRANULAR SELF-ORGANIZING MAP

The concepts of fuzzy rough set and SOM [3] are used
to develop the new GSOM. In this regard, every entry in the
input data is initially normalized within 0–1 by subtracting the
minimum value and dividing that with maximum–minimum
value in the entire data. The normalization is performed for
scaling the features into the range [0–1] as the concepts of
fuzzy rough set, involving the lower and upper approximations
of a set, are based on the values of features lying within 0–1.

A. Methodology for Granular Self-Organizing Map

In the proposed GSOM, the number of nodes in the
input layer, say n, is set equivalent to the number of fea-
tures/attributes (genes for microarray data) and in the output
layer, it is set equal to be c-number of clusters, chosen by
the user. Let {x} ∈ Rn denote the set of n-dimensional
input patterns. The weights, wkj , k = 1, 2, . . . , c and
j = 1, 2, . . . , n, connecting the links between the n nodes
in the input layer and the c nodes in the output layer, are
initialized with the random numbers within 0–0.5. Let t denote
the number of iterations for training GSOM. For the first
iteration, t = 1, the GSOM uses the conventional SOM. The
following steps are involved in the training of the GSOM.
Step 1: Present an input vector, x j (t), j = 1, 2, . . . , n, at the

nodes in the input layer of GSOM.
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Step 2: Find the Euclidian distances between the input
vector, x j (t), and weight vector wkj for the
kth output node using

dk =‖ x j (t) − wkj (t) ‖2 . (14)

Step 3: Find the winner neuron v using

v = argmin{dk}, k = 1, 2, . . . , c. (15)

Step 4: Find neighborhood neurons, Nv , around the winner
neuron v using the Gaussian neighborhood function

Nv (t) = exp

(
− ∧2

vk

2σ(t)2

)

(16)

where
∧

vk(t) is used as in [3], and σ is defined
in [3] as

σ(t) = σ0 exp

(

−
(

t

τ1

))

. (17)

Step 5: Update the connection weights of the neighborhood
neurons Nv using

wkj (t + 1) =

⎧
⎪⎨

⎪⎩

wkj (t) + α(t)Nv (t)(x j (t) − wkj (t))

if k ∈ Nv (t)

wkj (t), else.

(18)

The learning parameter α in (18) is defined in [3] as

α(t) = α0 exp

(

−
(

t

τ2

))

(19)

where α0 is chosen between 0 and 1, and time
constant τ2 is set equal to the total number of
iterations.

The aforesaid steps are repeated for all the input patterns
during training. After the first iteration, GSOM partitions
the data into c clusters which are employed in defining
the new neighborhood function using the lower and upper
approximations of fuzzy rough set. Note that, Gaussian neigh-
borhood may not be efficient for handling the uncertainty in
the overlapping cluster boundaries as there is no concept of
fuzzyness.

1) Procedure for Defining Neighborhood Function: The
aforesaid c-clusters obtained at c nodes are labeled with
positive integers, representing the crisp decision classes. From
the crisp decision classes, we formulate the decision system
S = (U,F ∪ {d}) using fuzzy reflexive relations [see (1)] and
fuzzy decision classes [see (6)]. Here, F = {a1, a2, . . . , an}
is represented by n-features (n-genes in microarray data) and
{d} indicates the crisp decision classes. The steps for defining
neighborhood function are as follows.
Step 1: Find fuzzy decision classes (6), corresponding to the

crisp decision classes, based on the decision table S.
Step 2: For every feature a j , j = 1, 2, . . . , n, compute fuzzy

reflexive relational matrix, using (1).
Step 3: Compute membership values belonging to lower and

upper approximations of the patterns in set A (each
output cluster of SOM), using (7) and (10) and
denote them by Lkj (A) and Ukj (A), k = 1, 2, . . . , c,
respectively.

Step 4: For every feature a j , j = 1, 2, . . . , n, find the
averages of all membership values in lower approxi-
mation and in upper approximation of the set A, and
represent by Lavg

kj (A) and U avg
kj (A), k = 1, 2, . . . , c,

respectively.
Step 5: For every feature a j , j = 1, 2, . . . , n, find boundary

region of the set A, denoted by Bavg
kj (A),

by computing (U avg
kj (A)− Lavg

kj (A)), k = 1, 2, . . . , c.

Step 6: Define the neighborhood function NHkj for the
kth node, k = 1, 2, . . . , c, as

NHkj = e−
(

Lavg
kj +Bavg

kj

)2
/2

, j = 1, 2, . . . , n. (20)

The significance of the neighborhood function is that the
uncertainty arising in overlapping regions between cluster
boundaries is handled efficiently.

The sum of the average membership values in the lower
approximation and boundary region of all features (n) for
neuron v, denoted by LBSv , is then computed for defining
its neighborhood neuron, say k, as

LBSk =
n∑

j=1

(
Lavg

kj + Bavg
kj

)
. (21)

Now, the neuron k is considered as the neighborhood neuron
of v, when LBSk ≤ LBSv , where the LBS values are different
for each neuron and dependent on the number of patterns
assigned to that cluster.

2) Algorithm for Training GSOM: For the second and
subsequent iterations, the following steps are repeated for all
input patterns used in the training of GSOM.

1) Present an n-dimensional vector x(t) at the input nodes.
2) Compute the Euclidian distances (14) between the input

vector x(t) and the weight vector of output nodes.
3) Find the winning neuron v, using (15).
4) Find neurons which are lying within the neighborhood

of v, using (21).
5) Modify the connection weights of the winning neuron v

and its neighborhood neurons using

wkj (t + 1) =

⎧
⎪⎨

⎪⎩

wkj (t) + α(t)NHv j (t)(x j (t) − wkj (t))

if k ∈ NHv j (t)

wkj (t), else

(22)

where α(t) is the learning rate [see (19)] and
t = 2, 3, . . .

The value of α(t) will be monotonically decreased, while the
number of iterations, t , is gradually increased. It may be noted
that, the neighborhood function is newly defined for every
iteration (other than the first iteration), based on the output
clusters of GSOM, attained in the previous iteration.

3) Properties of the Proposed Neighborhood Function:
Maximality: The neighborhood function attains maximum

value 1 when the value of (Lavg
kj + Bavg

kj ) is zero.
Nonnegativity: NHv (A) ≥ 0 if the values of patterns in

A are greater than or equal to zero.
Continuity: NHv (A) is a continuous function for all the

values of patterns in A ∈ [0–1].
Sharpness: NHv (A) is close to 0 if the value of

(Lavg
kj + Bavg

kj ) is close to 1.
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Fig. 1. Variation of the proposed neighborhood function NHv for different
values of (Lavg(A) + Bavg(A)), chosen between 0 and 1.

Convergence: Gauss–Seidel algorithm is used in several
cases [8], [21] to establish the convergence of clustering
algorithms. The Gauss–Seidel algorithm, representing a set of
equations in a matrix form, is assured to converge when every
equation in the matrix is diagonally dominant. Based on this
principle, the convergence of the GSOM is discussed. After
training of GSOM is completed, a confusion matrix Mc×c of
the size c × c is formed by the output clusters of GSOM,
where c indicates the number of clusters. Therefore, the
matrix M would be

M =
⎛

⎝
A11 A12 . . . A1c

A21 A22 . . . A21
Ac1 Ac2 . . . Acc

⎞

⎠

where each row in the matrix M can represent an equation.
For row l1 and column l2 = 1, 2, . . . , c, when l1 = l2 then
Al1l2 represent the cardinality of the diagonal elements, and
when l1 �= l2 then Al1l2 denote the cardinality of non diagonal
elements, in l1th row of l1th cluster. When the cardinality
of the diagonal element in every row is nonzero and the
cardinality of non diagonal elements is zero or less than that of
the diagonal element in that row, then the diagonal element in
every row of the matrix M is dominant entry and the algorithm
is guaranteed to converge.

IV. PROPOSED ALGORITHM FOR GENE

SELECTION IN MICROARRAY DATA

The selection of the relevant genes is very important in
gene expression data for classification or clustering purpose.
In this regard, an unsupervised fuzzy rough feature selection
algorithm (UFRFS) for feature/gene selection is described. The
steps involved in UFRFS are as follows.
Step 1: Partition all samples of gene expression data into

c-clusters using GSOM.
Step 2: Present the c-granules with labeled values, repre-

senting c-crisp decision classes, to the decision table
S = (U,F ∪ {d}), F = {a1, a2, . . . , an}.

Step 3: Find fuzzy decision classes, using (6), corresponding
to the crisp decision classes, based on the decision
table S (see Section II-C).

Step 4: Compute fuzzy reflexive relational matrix,
using (1), corresponding to each feature/gene a j ,
j = 1, 2, . . . , n (see Section II-A).

TABLE I

CHARACTERISTICS OF MICROARRAY GENE EXPRESSION DATA SETS

Step 5: Calculate membership values of the patterns in the
set (cluster) for belonging to lower approximation
using (7), corresponding to each feature a j .

Step 6: Find the dependence value, using (13), for each a j .
Step 7: Arrange the genes in increasing order according to

their dependence values.
Step 8: Select the top-N number of genes with the lower

dependence values and, further, use in experiments.

V. EXPERIMENTAL RESULTS

The GSOM and the UFRFS algorithm are coded in
c-language using Intel Core i7 CPU 880 at 3.07 GHZ
processor and 16 GB RAM. The experiments are
carried out on 31 gene expression data whose characteristics
are shown in Table I. The accession numbers for
data sets, downloaded from Gene Expression Omnibus
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(http://www.ncbi.nlm.nih.gov/sites/GDSbrowser), are shown
within parenthesis. The data sets have small number of
samples ranging from 8 to 197 and large number of genes
ranging from 661 to 54 675. The details of the data sets are
available at http://avatharamg.webs.com/GSOM-UFRFS.pdf.

A. Algorithms for Comparison and Implementation Issues

The GSOM is compared with seven clustering algorithms
like RRFCM [9], RFPCM [8], RPCM [8], FCM, partition
around medoids (c-medoids), affinity propagation clustering
algorithm (AP method) [29] and SOM. The clustering algo-
rithms used for comparison are either state-of-the-art, or highly
cited, or have components similar to the proposed method.
While, FCM and SOM fulfill the last two criteria, c-medoids
is a highly cited one. The RRFCM, RFPCM, and RPCM
are state-of-the-art clustering methods and also use similar
components like fuzzy sets and rough sets, in a different
manner. The AP method is the state-of-the-art algorithm and
uses the concept of numerical methods. The performance of
all the clustering algorithms is evaluated with four different
cluster validation measures, β-index [30], DB-index [31],
Dunn-index [32], and fuzzy rough entropy (FRE) [7]. For a
cluster, the lower values of DB-index and FRE and higher
values of β-index and Dunn-index signify that the cluster is
better. While β-index, DB-index, and Dunn-index are widely
studied and they evaluate the compactness of output clusters
in terms of low intracluster distances and high intercluster
distances, the FRE is a recent one [7] and it is a rough-
fuzzy set based measure that evaluates the clusters in terms of
minimum roughness (1 − (|lower approxi.|/|upper approxi.|).
Further, DB-index and Dunn-index are based on maximum
or minimum principle computed over the distance between
clusters and variance, taking two clusters together. On the
other hand, β-index considers only the variance computed over
individual class and the overall feature space.

The proposed UFRFS for gene selection is compared
with unsupervised feature selection using feature similar-
ity (UFSFS) [16], unsupervised fuzzy rough dimensionality
reduction (UFRDR) [15] and Algorithm 1, which is designed
by replacing GSOM with SOM in UFRFS. Moreover, our
unsupervised UFRFS is compared with the supervised fuzzy
rough mutual information-based method (FRMIM) [12] and
correlation-based feature selection (CFS) algorithm [33] to
demonstrate its effectiveness as compared with the super-
vised methods. Among the gene selection methods, the
UFSFS and CFS are popular (highly cited) feature selec-
tion methods and UFRDR and FRMIM are the state-of-the-
art methods based on the concepts of fuzzy rough set as
used in ours. The genes selected by these algorithms are
evaluated using three different classifiers like fuzzy rough
granular neural network (FRGNN) [6], fuzzy multilayer
perceptron (FMLP) [20], and K-NN, and a feature evalua-
tion index using entropy measure [16]. The details of all
the methods for comparison and evaluation and the way of
determining number of hidden nodes in FRGNN and FMLP
and the value of K in K-NN are available in supplementary
file http://avatharamg.webs.com/GSOM-UFRFS.pdf.

Fig. 2. Variation of DB-index with the values of learning parameter (α0) for
a fixed number of iterations using GSOM and SOM for ALL and AML data.

B. Results of Clustering

Before we explain the results of clustering, the formation of
GSOM is explained for ALL and AML data, as an example.

Example: The number of input nodes in GSOM is con-
sidered as 5000 as there are 5000 genes in ALL and AML
data. The number of output nodes is set equal to 2. The
initial connection weights between nodes in the input and
hidden layers are initialized by random numbers chosen within
0 to 0.5. Then the GSOM is trained using normalized data
within 0 to 1. At first iteration (t = 1), the GSOM partitions
the data into two granules (c = 2), based on the competitive
learning of SOM (see Steps S1–S4 in Section III-A).

For the second iteration and thereafter, the training of
GSOM is performed using the algorithm in Section III-A2.
The samples in the two clusters, obtained from the
first iteration, are labeled with integers 1 and 2 indicating
two crisp decision classes. The data are then presented to the
decision table. The fuzzy decision classes are computed in
accordance with the crisp decision classes (see Section II-C).
Based on the decision table, the neighborhood function for
every neuron is defined using the procedure in Section III-A1,
thereby an equation (21) for finding the neighborhood neurons
and (22) for updating the connection weights are defined.

1) Selection of Parameters of GSOM and SOM: Five para-
meters, initial learning α0, iteration t , time constants τ1 and
τ2, and initial radius σ0, are used in the GSOM and SOM.
Here, τ2 is set equal to the total number of iterations, τ1 (17)
is dependent on τ2, and σ0 (17) is chosen as the maximum
number of neurons in either row or column of the output layer.
Considering initial number of clusters c = 2 and σ0 = 2,
we proceed as follows for selecting α0 for different values
of t .

For both GSOM and SOM, the value of α0 is varied
within 0 to 1 in steps of 0.05 for a particular number of
iterations (t). Then, we repeat the same process for other
values of t ranging from 10 to 100 in steps of 10. Fig. 2 shows
the variation of DB-index with α0 for various values of t .
For clarity of presentation, only some curves corresponding to
selected α0 and t are provided. The best results for GSOM are
obtained for α0 = 0.4 and t = 29 for ALL and AML data and
hence, a dotted vertical line is drawn in the figure at α0 = 0.4.
In general, the value of t is varied in steps of 10, but the GSOM
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TABLE II

COMPARISON OF THE CLUSTERING RESULTS OF GSOM AND SOM. HERE, c = NUMBER OF CLUSTERS,

t = NUMBER OF ITERATIONS, AND α0 = LEARNING PARAMETER

is found to be obtained better results at t = 29 for this data.
The figure also shows the selected numbers of iterations within
parentheses, whereas the best results for SOM are attained at
α0 = 0.3 for t = 30. The variation of Dunn-index with α0 for
various values of t is provided in the supplementary material
online.

For choosing the number of clusters (c), we varied c from
2 to

√
s in steps of 1, where s is the number of samples in the

data. For each value of c, we repeated the aforementioned
procedure for different values of α0 and t , and the top
three results (for three different c values), including the values
of α0 and t for all the data sets, in terms of DB-index,
Dunn-index, and FRE, are shown in Table II. The best results
of GSOM and SOM for ALL and AML data are achieved at
c = 2. Moreover, the GSOM performs better than SOM in
terms of DB-index, Dunn-index, and FRE. For the remaining

data sets, the best c values are marked in bold. It can be
concluded that the DB-index, Dunn-index, and FRE for all
data sets conform c value equal to the number of clusters
truly present in the data. Any value other than the true c value
makes clustering indices change sharply.

2) Visualization of Output Clusters of GSOM and
SOM: Fig. 3 shows the 2-D plot of all samples, normalized
within 0 to 1, demonstrating the actual categories/groups of
ALL and AML data. Figs. 4 and 5 show the corresponding
output clusters (c = 2) of GSOM and SOM.

It is clear from Fig. 3 that the boundary region of cluster 1
overlaps with that of cluster 2. This information is reflected
and preserved in Fig. 4 for GSOM, where the overlapping
patterns are exactly clustered as in Fig. 3 and the winner
neurons are represented as • and ∗. In Fig. 5, using SOM,
four overlapping patterns are not exactly the same as in Fig. 3.
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Fig. 3. 2-D plot of overlapping patterns of actual clusters for ALL and AML
data.

Fig. 4. 2-D plot of the output clusters of GSOM for ALL and AML data
with no misclassified patterns.

Fig. 5. 2-D plot of the output clusters of SOM for ALL and AML data where
� represents the patterns wrongly assigned to cluster 2 and � represents the
patterns wrongly assigned to cluster 1.

Here, three patterns actually belonging to cluster 1, indicated
with �, are assigned to cluster 2 and 1 pattern actually
belonging to cluster 2, represented with �, is assigned to
cluster 1. Moreover, the distance between the winner neurons
of GSOM is greater than that of SOM. As mentioned ear-
lier, incorporation of fuzziness in the neighborhood function
of GSOM handles the uncertainty arising from overlapping
regions and incorporation of lower and upper approximation
of rough set theory further helps in determining the exactness
in class shapes; thereby making the GSOM superior to SOM.

3) Comparison of GSOM With Other Clustering
Algorithms: The GSOM is compared with algorithms
like RRFCM, RFPCM, RPCM, FCM, c-mediods, and
AP method. The results are shown in Table III. The related
parameters of these algorithms are shown in the last column
of the table. Here for GSOM and SOM, the values of α0 and t
are provided, whereas the values of thresholds for RRFCM
(δ and Tr), probabilistic constant and threshold for RFPCM
(a and Tr), and threshold value for RPCM (Tr) are shown.
The weighting exponents w and w̃, fuzzifiers ḿ1 & ḿ2, and
possiblistic constant b for RRFCM, RFPCM, and RPCM

TABLE III

COMPARISON OF CLUSTERING ALGORITHMS IN TERMS OF β-INDEX,

DB-INDEX, DUNN-INDEX, AND FRE FOR MICROARRAY DATA FOR c = 2.

PARAMETERS USED ARE MENTIONED IN THE SEVENTH COLUMN

are chosen to be 0.5 and 0.5, 2 and 2, 0.7, respectively, for
all data sets as mentioned in the related articles [8], [9].
For RRFCM, RFPCM and RPCM, the possiblistic constant
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TABLE III

(Continued.) COMPARISON OF CLUSTERING ALGORITHMS IN TERMS OF

β-INDEX, DB-INDEX, DUNN-INDEX, AND FRE FOR MICROARRAY

DATA FOR c = 2. PARAMETERS USED ARE MENTIONED

IN THE SEVENTH COLUMN

b is chosen greater than probabilistic constant a. The value
of c for all the methods is shown within parenthesis in
the first column of Table III. The maximum value of t for

TABLE IV

COMPARISON OF CLUSTERING ALGORITHMS IN TERMS OF β-INDEX,

DB-INDEX, DUNN-INDEX, AND FRE FOR MICROARRAY DATA FOR c = 3.

PARAMETERS USED ARE MENTIONED IN THE SEVENTH COLUMN

all algorithms, except GSOM, SOM, and AP method, is set
equal to 200. For every data set, the best results are shown in
bold font in the table.

Table III shows the results of twenty one microarray data for
two output clusters. The results indicate that GSOM performs
better in terms of β-index, DB-index, Dunn-index, and FRE
for all the cases except for carcinoma where the results are
same with that of SOM since for carcinoma data cluster
boundaries are not much overlapped.

Table IV provides the results of five microarray data for
three output clusters. The results reveal that the performance
of GSOM is superior to all the methods for all the data sets in
terms of DB-index, Dunn-index, and FRE, except for breast
cancer using SOM and RRFCM and cigarette smoke of light
flavor effect using SOM where β-index is lower.

The results in Table V for five data sets with four output
clusters show that GSOM outperforms the remaining methods
in terms of cluster evaluation measures for all the data except
for Multi-A and peripheral white blood cells-A and B using
SOM where β-index is lower. A possible explanation of
this may be that β-index does not consider the difference
between the means of different clusters, unlike other indices.
In summary, out of 868 comparisons from Tables III–V, only
in six cases the GSOM is inferior.

4) Comparison in Terms of Confusion Matrices: The output
clusters of GSOM, SOM, RRFCM, RFPCM, RPCM, FCM,
c-mediods, and AP method, arranged in the form of confusion
matrix, are shown in Table VI for ALL and AML data,
as examples. For GSOM, the samples belonging to output
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TABLE V

COMPARISON OF CLUSTERING ALGORITHMS IN TERMS OF β-INDEX,

DB-INDEX, DUNN-INDEX, AND FRE FOR MICROARRAY DATA FOR c = 4.

PARAMETERS USED ARE MENTIONED IN THE SEVENTH COLUMN

TABLE VI

CONFUSION MATRICES FOR ALL AND AML DATA USING

DIFFERENT CLUSTERING METHODS

clusters 1 and 2 are seen to be exactly equal to the actual
samples, 27 and 11, respectively, in this data; thereby resulting
in zero off diagonal elements. This is not true for other
methods.

C. Computation Complexity
The computation complexity of GSOM involving normal-

ization of data, initial connection weights, SOM, and fuzzy
rough neighborhood function is discussed as follows.

1) Complexity for Normalizing Data: The cost of compu-
tation in finding global minimum and global maximum for
data is O(sn), where s is the number of patterns and n is the
number of features. Therefore, the asymptotic complexity for
normalization of data (see Section III) is O(sn).

2) Complexity for Presenting a Pattern as an Input Vector
to the SOM: It is O(n) as a pattern contains n number of
features.

3) Complexity for Initializing Connection Weights of SOM:
The cost in initializing c × n random numbers within 0–1 as
initial connection weights of SOM is O(cn), where c is the
number of output nodes.

4) Complexity of SOM: During training of SOM, for
every pattern, the complexity in computing the distance
from the input vector to weight vector for one output node
[(14), Section III-A] is O(n). This is similar to that for
computing the Euclidean distance. For c output nodes, this
complexity is O(cn). The computational cost for finding the
winning node (out of c nodes) in the output layer [(15),
Section III-A] is O(c). The complexity for updating the c × n
connection weights [see (18)] is O(cn). Thus, the complexity
SOM (including input vector presentation and initialization) is
O(ts(n +cn +cn +c+cn)) where t is the number of iterations
and s is the number of patterns. Therefore, the asymptotic
complexity is O(tscn). In our case, the asymptotic complexity
is O(scn) as GSOM uses the conventional SOM for t = 1.

5) Complexity of Fuzzy Rough Neighborhood Function:
The neighborhood function involves fuzzy decision classes,
fuzzy reflexive relational matrix, lower and upper approx-
imations, and boundary region. The complexities of these
components are as follows.

1) The complexity of fuzzy decision classes depends
on membership values of patterns. The membership
values (3) of all the patterns to its own class are a
function of weighted distance of the patterns to the mean
of its class (2) and fuzzyfiers fd and fe. Let us consider
that sc indicates the number patterns in the cth class.
Hence, the complexity in computing the membership
values of sc number of patterns is O(scn+scn+scn+sc),
where the first term denotes the complexity of the
weighted distance of sc number of patterns (with n
features) from the mean of the class, the second term
indicates the complexity of the mean of the class, the
third term represents the standard deviation of the class
by using the mean in previous step, and the last term is
the complexity of computing membership values of the
patterns using weighted distance.
The complexity in computing the membership value of
all the patterns (sc) in a class to the other classes is
O(sc(c − 1)) as the number of remaining classes is
c − 1 and the memberships for the patterns are directly
assigned as 1 without any computation.
Considering all the classes, the total complexity in
computing fuzzy decision classes is the sum of the
aforementioned complexities, which is O(c((scn + scn +
scn + sc) + (sc(c − 1)))). Therefore, the asymptotic
complexity is O(csc(n + c)).

2) The fuzzy reflexive relational matrix for each feature
involves the standard deviation of a class and one min-
imum operation and one maximum operation between
a pair of patterns as shown in (1). The complexity of
standard deviation of a class with sc patterns is O(sc).
For c classes, this value is O(csc). The complexity for
one minimum operation and one maximum operation
between a pair of patterns is of constant order O(2). For
all possible pairs of patterns, this value is O(2(s × s)),
where s is the total number of patterns in all the
classes. Hence, for each feature, the complexity of fuzzy
reflexive relational matrix of size s × s is O(csc + 2s2)
and the asymptotic complexity is O(csc + s2).
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3) For each feature, the membership value of a pattern
in a class belonging to the lower approximation is
computed using (7), which involve the aforementioned
fuzzy decision classes and fuzzy reflexive relational
matrix. Moreover, (7) includes one minimum operation
between a pair involving complexity O(2), one minimum
operation among sc elements (8) involving complexity
O(sc), s − sc maximum operations (9), each operation
performing between two elements, involving complex-
ity O((s − sc)2), and one minimum operation among
s − sc elements involving complexity O(s − sc) (also
in (9)). Here, the complexity of fuzzy decision classes
(O(csc(n + c))) involving (8) and (9) is obtained from
precomputed results. Considering all the above factors,
for each feature, the complexity of membership values of
all the s patterns belonging to the lower approximations
of all the classes is O(csc(n + c)) + O((csc + s2) +
s2 + ssc + s(s − sc)2 + s(s − sc)). Therefore, for all
features (n) the complexity is O(csc(n+c)) + O(n(csc+
s2) + s2 + ssc + s(s − sc)2 + s(s − sc)). The asymptotic
complexity is O(csc(n + c) + ns2). The complexity for
upper approximation (10) is similar to that of the lower
approximation as the number of operations is equal.
Hence, the overall asymptotic complexity remains the
same with that mentioned before.

4) For every feature, the complexity in computing the
average of lower membership values and the average
of upper membership values for all the patterns (sc) in
a class is O(2sc). Considering all n features and all the
c classes, the complexity is O(2cscn).

5) For every feature, the complexity in finding the bound-
ary region of an output node is O(1) (see Step 5 in
Section III-A1). Hence, for all the features (n) and
c output nodes (classes) the complexity is O(cn). This
region is employed in computing the neighborhood func-
tion. Thus, the complexity in defining the neighborhood
function using (20) is O(cn).

6) Complexity in Finding the Winner and Its Neighborhood
Nodes for GSOM: The computational cost of finding winning
neuron, for a pattern with n features, in the output layer of
GSOM having c nodes is O(cn+c). The complexity of finding
neighborhood neurons of the winner is O((c − 1)n + n + K )),
where (c − 1)n and n denote the complexity for sum of the
average memberships in the lower and boundary region of all
n features for (c − 1) output neurons and the winner, respec-
tively, and K is a constant denoting one comparison. The
asymptotic complexity is O(cn). For all s patterns, the value
is O(scn).

7) Complexity of GSOM: This complexity, involving
normalization of data, SOM for one iteration, all the compo-
nents of fuzzy neighborhood function and finding the winner
neuron, is O(sn + scn + t (((csc(n + c) + ns2) + 2cscn + cn +
cn) + scn )), where t is the number of iterations. Therefore,
the asymptotic complexity of GSOM is O(t ((csc(n + c)) +
ns2 + scn)).

8) Complexity of UFRFS: The complexity of UFRFS is
based on the aforementioned complexities of normalization
of data (O(sn)), membership values of s patterns belonging

Fig. 6. Comparison of convergence speed between GSOM and SOM in
terms of the number of iterations for different numbers of output nodes for
ALL and AML data.

Fig. 7. Comparison of convergence speed between GSOM and SOM in
terms of the number of iterations for different numbers of output nodes for
resistance data.

to the lower approximations of all the classes (O(csc(n +
c) + ns2) which includes the complexities of fuzzy reflexive
relations and fuzzy decision classes), and the complexity of the
dependence values of n features using (13) (O(sn)). Therefore,
the complexity of UFRFS is O(sn + (csc(n + c) + ns2) + sn).
The asymptotic complexity of UFRFS is O(csc(n + c) + ns2).

D. Convergence Speed

As explained in Section V-B1, the GSOM is trained using
different numbers of output nodes (c) for different numbers
of iterations (t). For different values of c, the convergence
speed of GSOM in terms of the number of iterations t
is shown in Figs. 6 and 7 for ALL and AML data and
resistance data, respectively. The value of t for which the
GSOM attains the minimum quantization error and provides
better results is chosen. It is evident from Fig. 6 for ALL
and AML data that the plot of variation of the numbers of
iterations for GSOM is seen much lower than that of SOM
for c = 4 and 6, except c = 2 where it is equal to SOM.
From Fig. 7, the convergence speed of GSOM (100, 130,
and 100) for resistance data is found to be faster than SOM
(1000, 1500, and 1500) for all values c (2, 4, and 6). Note that,
for the same number of iterations, the SOM provides lower
CPU times than GSOM as the GSOM has the components
like SOM, fuzzy decision classes, fuzzy reflexive relation
matrix, and fuzzy rough neighborhood function. The speed
of GSOM and its quantization error for lung cancer data,
as an example, is shown in Figs. 1 and 2, respectively, at
http://avatharamg.webs.com/GSOM-UFRFS.pdf.

E. Results of Gene Selection

As mentioned in Section IV, the UFRFS assigns a depen-
dence value to every gene in a data set. Since the gene with
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Fig. 8. Variation in classification accuracies obtained using K-NN for top-N
numbers of genes selected by different algorithms for ALL and AML data.

a small dependence value is important for selection, they are
arranged in increasing order, according to their dependence
values. The top-N number of genes is then selected based
on their classification capability of samples (patients), as
measured by classifiers—FRGNN, FMLP, and K-NN.

1) Selection of Top Genes: For training the classifiers,
we used fivefold cross validation, designed with stratified
sampling. Training is performed on fourfolds of samples
selected randomly. Testing is performed using one fold of
data. This process is repeated five times and the average
of the classification accuracies of five folds of test data is
computed. The average of the classification accuracies, using
FRGNN, FMLP, and K-NN, are calculated for top N = 10,
20, 30, 40, and 50 selected genes. The one with the highest
accuracy value constitutes the resulting selected genes. As an
example, using K-NN, for ALL and AML data, the variation
in the average classification accuracies with the numbers of
top genes is shown in Fig. 8 for all gene selection algorithms.
It can be observed from the figure that the highest accuracy
for UFRFS is observed at N = 20 (97.14%). The UFRFS
has also achieved the best accuracies for top 20 genes using
FMLP (100%) and FRGNN (100%). For the remaining data
sets, the values of N thus obtained are shown in third column
of Tables VII and VIII.

2) Comparison of UFRFS With Unsupervised Gene
Selection Methods: Table VII also illustrates the results of
UFRFS and the other unsupervised methods, Algorithm 1,
UFSFS and UFRDR. The results in bold font in the table
indicate that the UFRFS performs better than all the unsuper-
vised methods for most of the data sets. Here, the performance
of UFRFS is equal to that of Algortihm 1 only for the lung
cancer and breast cancer data using FMLP and K-NN, and for
ethanol data when FRGNN and FMLP are used as classifiers.
However, based on the average results of all data sets, the
UFRFS is seen to be superior to all the remaining algo-
rithms. In other words, the results of unsupervised methods
(Table VII) indicate that out of 128 comparisons UFRFS shows
superior performance in 122 cases and equal performance
in six cases. Note that, UFSFS and UFRDR cannot com-
plete execution for data sets having large dimension, 54 675,
(e.g., cigarette smokers male and female).

In terms of CPU time, Algorithm 1 is better than UFRFS, as
expected, as it uses SOM instead of GSOM. Again, the UFRFS
is superior to UFRDR and UFSFS for all data sets except for
lung cancer data, where only UFSFS takes lower CPU time.

TABLE VII

COMPARISON OF UFRFS WITH UNSUPERVISED GENE SELECTION

METHODS IN TERMS OF CLASSIFICATION ACCURACY

(USING FRGNN, FMLP, AND K-NN) AND

ENTROPY OF SELECTED GENES

Furthermore, the UFRDR takes 54.30 h (with Intel Core i7
CPU 880 at 3.07 GHZ processor and 16 GB RAM)
to complete the execution as compared with 0.1226 h
(441.709 s) by UFRFS for prostate cancer data. This limitation
of the former for high dimensional data corroborates the earlier
finding [15].

3) Comparison of UFRFS With Supervised Gene
Selection methods: Although UFRFS is an unsupervised
method, we compared its performance with two supervised
methods, namely, FRMIM [12] and CFS algorithm [33]
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TABLE VIII

COMPARISON OF UFRFS WITH SUPERVISED FRMIM AND CFS

IN TERMS OF CLASSIFICATION ACCURACY (USING FRGNN,

FMLP, AND K-NN) AND ENTROPY OF SELECTED GENES

in Table VIII. The comparison with FRMIM indicates that
out of 48 cases, the performance of UFRFS is better in
eight cases and equal in nine cases. On the other hand, out of
36 cases the UFRFS performs better than CFS in nine cases
and equal in four cases. For each of the data sets, the best
results are shown in bold font in the table. For carcinoma
data, the results of UFRFS for top 70 selected genes are equal
to those of the remaining supervised and unsupervised gene
selection algorithms as the uncertainty is not much involved
in this data. Note that, CFS cannot complete execution for
data sets having dimension greater than or equal to 18 952
(e.g., cigarette smokers male and ethanol).

F. Statistical Analysis of Gene Selection Algorithms

For performing statistical analysis, first one has to decide
the suitability between the two test procedures, parametric and
nonparametric. In general, nonparametric tests are performed
when the data sets do not satisfy the normality condition.
The data are also not normally distributed if the data are
an ordinal variable or a rank, or there are definite outliers
or some data points are not measured appropriately due to
clear limits of detection of the measuring instrument. One
can perform statistical tests like Kolmogorov–Smirnov test,
D’Agostino–Pearson test, and Shapiro–Wilk test to check if
the data are normally distributed or not. Using these tests with
significance level 0.01, we checked the normality of the data

TABLE IX

RESULTS FOR NORMALITY TESTS USING CLASSIFICATION

ACCURACY OF DIFFERENT GENE SELECTION METHODS

using all the classification accuracies for a particular gene
selection method. The level implies that the null hypothesis
“the accuracy values for any particular gene selection method
follow a normal distribution” should be rejected if the p-value
is less than the significance level. In other words, a test at
the 0.01 level of significance is such that the null hypothesis
is falsely rejected only in 1% of the cases. The p-values
corresponding to the statistics of these tests are shown
in Table IX, which indicate that distribution is not normal
for the data sets using any of the methods, the null hypothesis
should be rejected and nonparametric test should be conducted
for statistical evaluation of our results. In addition, if the
data sample is small, failure to reject the null hypothesis by
any statistical test, including the test of normality, does not
necessarily guarantee that the null is actually true. A more
valid reason to conduct nonparametric test on our results is
that we want to perform comparison of more than two methods
over multiple data sets [34]. In this regard, a nonparametric test
involving Friedman’s test is appropriate. Note that, comparison
of methods performance, averaged across multiple domains or
data sets, is usually not recommended using other statistical
tests, since the evaluation measures in different domains
should not be treated as commensurable. Furthermore, the
statistical tests may be subject to threats of internal, external,
construct, and statistical conclusion validity.

Regarding threats to internal validity, we want to mention
that as the gene selection procedures are performed on the
same data sets using the same computer, chances for change
in the measuring instrument or condition (or other issues
like aging, environmental change, change of samples, and
interaction between samples) are negligible. Further, any gene
selection method does not influence the results of another
gene selection method as they are independent of each other.
Therefore, there are no threats to internal validity for the
statistical tests performed. The threats related to the external
validity are minimized by performing fivefold cross validation,
involving stratified random selection process, in the training
and testing phase of each classifier in evaluation of the
selected genes by each feature selection method. The accuracy
values of all the test folds using the classifiers FRGNN,
FMLP, and KNN are employed to perform the statistical tests.
The statistical tests can also be subject to threats related to
statistical conclusion validity. One of them is the low statistical
power (when the size of the sample is too small and the
value of p is low) which increases the likelihood of making
a Type II error (fail to reject the null hypothesis when it is
false). Here, this threat remains for normality test, which we
can also ignore, as there are aforementioned other factors to
perform nonparametric test. For Friedman’s test the threats to
low statistical power is less as there are 135 accuracy values
(9 data set × 5 fold cross validation × 3 classifiers) for each
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TABLE X

RESULTS OF FRIEDMAN’S TEST USING THE CLASSIFICATION ACCURACY

VALUES OF EACH GENE SELECTION METHOD

TABLE XI

RESULTS OF BONFERRONI–DUNN Post Hoc TEST

gene selection method while comparing them. The significance
level is chosen as 0.01 which provides stronger evidence than
the widely used standard norm of 0.05. Some other threats
related to the statistical conclusion validity are mostly related
to gene expression data preparation, which are beyond the
scope of this investigation. In the gene selection procedure,
there may lie threats related to construct validity as the results
are not only dependent on the gene selection methods but
also on the performance (in terms of accuracy) of the used
classifiers. However, the threats are minimized as the same
classifiers are used for all the gene selection methods.

Now, we discuss the Friedman’s test, which uses accuracy
values (obtained using various classifiers), of different feature
selection methods. The test is aimed at checking whether
there is overall statistically significant difference among the
mean of ranks of the related gene selection methods using
two tailed test. The null hypothesis that “the mean values
of ranks of UFRFS, Algorithm 1, UFRDR, UFSFS, FRMIM,
and CFS have no difference” is considered. The Friedman’s
test is performed using six feature selection methods and
so the degrees of freedom are 5. There are 135 accuracy
values for each of the methods. The results of the Friedman’s
test in terms of the mean of ranks of UFRFS, Algorithm 1,
UFRDR, UFSFS, FRMIM, and CFS are provided in Table X.
The value of the test statistic (χ2) and the corresponding
p-value are obtained as 207.29 and 7.83331e−43, respectively,
and are also shown in the table. From the results, we reject the
null hypothesis with the significance level 7.83331e−43. This
suggests that a post hoc test is needed to check whether there
exists any statistically significant difference between the mean
ranks of the proposed UFRFS and any other feature selection
method. In this regard, the Bonferroni–Dunn post hoc test is
conducted with the null hypothesis that “there is no difference
between the mean ranks of two methods.” The performance
of the two methods will be significantly different if the
difference between the mean ranks of the methods is greater
than the critical difference (CD). The value of CD is found
to be 0.8061, which is calculated using critical value 3.540
at significance level 0.002 (for six feature selection methods)
and standard error 0.2277. The significance level 0.002 is
obtained by the Bonferroni correction (0.01/5) of standard
significance level 0.01 for five comparisons. The results of
Bonferroni–Dunn post hoc test are shown in Table XI. The dif-
ferences between the mean ranks for UFRFS and Algorithm 1,

TABLE XII

BIOLOGICAL SIGNIFICANCE OF GENES, SELECTED BY THE UFRFS

UFRFS and UFRDR, and UFRFS and UFSFS are found to
be 3.16, 6.67, and 6.7, respectively, which are greater than
the CD (0.8061). The results indicate that the null hypothesis
should be rejected and the UFRFS performs significantly better
than the unsupervised methods in Algorithm 1, UFRDR, and
UFSFS. The differences between the mean ranks for UFRFS
and FRMIM and UFRFS and CFS are −4.7 and −1.81, respec-
tively, which are less than CD (0.8061). Hence, we fail to
reject the null hypothesis at significance level 0.002. Note that,
as FRMIM and SFS are supervised methods, it is expected
that the genes selected by them should be more significant
than the unsupervised UFRFS in terms of the accuracy values.
The details of the statistical test procedures are available at
http://avatharamg.webs.com/GSOM-UFRFS.pdf.

G. Biological Significance

The significance of biological categories like
biological process and molecular function of genes selected
by the UFRFS is determined using FatiGO genome database
(http://fatigo.bioinfo.cnio.es) [35]. The gene ontology (GO)
terms associated with the set of genes are evaluated using
p-value and adjusted p-value (using Bonferroni correction)
and the most significant subcategory under each main
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Fig. 9. Plot of the expression profiles for ten genes (RPS11, RPL19,
RPS16, RPL23A, RPL18A, RPS27, RPS3A, RPL38, RPS15, and RPS19)
belonging to GO biological process translational elongation for multi-A data
with 103 samples. The average of Pearson’s correlations for all possible gene
pairs is 0.77. The average of expression profiles is shown in blue color.

Fig. 10. Plot of the expression profiles for 11 genes (EIF2AK2, HSPB1,
RPS16, RPL8, RPL23A, RPL18A, RPS27, RPS3A, RPL38, RPL10 and
RPS18) belonging to GO biological process ‘translation’ for multi-A data
with 103 samples. The average of Pearson’s correlations for all possible gene
pairs is 0.76. The average of expression profiles is shown in blue color.

category is provided in Table XII for UFRFS using all the
data sets except ethanol, where no significant GO term
is obtained for any of the methods. The other significant
subcategories are provided in Table II of the supplementary
file (http://avatharamg.webs.com/GSOM-UFRFS.pdf). For
example, out of 50 selected genes in multi-A data, 46 genes
belong to biological process and out of them ten genes belong
to the most significant subcategory translational elongation
which is shown in Table XII. Two other subcategories within
biological process are translation (11 genes) and tissue
development (nine genes) and shown in Table II of the
supplementary material online.

In the biological process category, the characteristics and
relationship of the genes (selected by the UFRFS) in terms
of gene profiles are provided for multi-A data as an example.
The profiles of ten genes (RPS11, RPL19, RPS16, RPL23A,
RPL18A, RPS27, RPS3A, RPL38, RPS15, and RPS19)
belonging to translational elongation and 11 genes (EIF2AK2,
HSPB1, RPS16, RPL8, RPL23A, RPL18A, RPS27, RPS3A,
RPL38, RPL10, and RPS18) belonging to translation for
multi-A data are shown in Figs. 9 and 10, respectively. The
figures also provide the average profiles of genes shown in
blue line. It is evident from the figures that the profiles are
very similar for most of the genes within a subcategory. For
example, by considering ten genes corresponding to Fig. 9,
the average of Pearson’s correlations for all possible gene
pairs (90 pairs excluding self similarity) is 0.77. Similarly, for
11 genes, corresponding to Fig. 10, the average of Pearson’s

Fig. 11. Plot of the expression profiles for 9 genes (RPL8, RPL10,
RPS16, RPL23A, RPL18A, RPL38, RPS15, RPS18 and RPS19) belonging
to GO molecular function ‘structural constituent of ribosome’ for multi-A
data with 103 samples. The average of Pearson’s correlations for all possible
gene pairs is 0.78. The average of expression profiles is shown in blue color.

correlations is 0.76. Similar type of correlation is also observed
for other subcategories as in Fig. 11 as an example. Here,
expression profiles of nine genes are presented and the average
of Pearson’s correlations for all possible gene pairs is 0.78.
Moreover, all of the gene expressions profiles are seen to be
correlated with the average of those profiles.

Further, from Figs. 9 and 10, it can be observed that there
is also some correlation between the genes in two different
subcategories (translational elongation and translation) within
a main category (biological process) and this correlation is
less than those of the genes within individual subcategory.
This visual interpretation is also supported by the fact when
we computed the average of Pearson’s correlations as 0.71
(which is less than both 0.77 and 0.76) by considering all the
genes in subcategories translational elongation and translation.

Even for two different categories there exist correlation in
expression profiles for the genes selected within the same
data. It is clear from Fig. 11, which shows expression profile
of 9 genes for subcategory structural constituent of ribosome
within main category molecular function, and Fig. 9 (described
above) that there exists some correlation between the gene
profiles for different subcategories using multi-A data. This
fact is also established when we considered all the genes
within subcategory structural constituent of ribosome and
translational elongation together and found the average of
Pearson’s correlations for all possible gene pairs as 0.72.

In another example for prostate cancer data, out of
ten selected genes three genes belong to category cellular com-
ponent contractile fiber (shown in Table XII) and three genes
belong to category cellular component actin cytoskeleton.
The profiles of three genes belonging to contractile fiber are
shown in Fig. 12 using 102 samples. From the figure, it can be
observed that the profiles of the genes are similar (correlated).
Here, the average of Pearson’s correlations between three pairs
of genes (excluding self similarity) is 0.88.

The functionally enriched biological categories should be
related to the cancer type of the data set. In this regard, we
conducted a literature study. For example, the breast cancer
data shows functional enrichment in the categories biolog-
ical process, cellular homeostasis and cellular component,
extracellular space. These functional categories are related to
breast cancer according to [36]. In a similar way, the relations
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Fig. 12. Plot of the expression profiles for 3 genes (37 407_s_at, 32 755_at,
and 767_at) belonging to GO cellular component contractile fiber for prostate
cancer data with 102 samples. The average of Pearson’s correlations for three
pairs of genes is 0.88. The average of expression profiles is also shown.

TABLE XIII

BIOLOGICAL COMPARISON OF GENES SELECTED BY UFRFS,

ALGORITHM 1, AND FRMIM FOR ALL AND AML DATA

of functional categories with cancers for other data sets are
mentioned in Table III of the supplementary file.

Table XIII compares the proposed UFRFS, Algorithm 1,
and FRMIM using ALL and AML data. The genes selected
by UFSFS, UFRDR, and CFS are not biologically signifi-
cant for this data and hence not provided in the table. The
p-values and adjusted p-values for GO terms using UFRFS
are lower than those of Algorithm 1 and FRMIM for all
the biological categories. No significant GO terms belong-
ing to molecular function and cellular component are found
using FRMIM.

VI. CONCLUSION

A new GSOM is developed by integrating fuzzy rough sets
with SOM to capture the uncertainty and underlying clusters
in the data. Fuzzy rough sets use fuzzy reflexive relation and
fuzzy decision classes, which deal with the vagueness in the
class information. The new neighborhood function in GSOM
updates the connection weights associated with the output
nodes. Based on the output clusters of GSOM, the dependence
factor of each attribute (gene), with respect to all the clusters,
is computed using fuzzy rough sets. Lower the dependence
degree of a gene is, the higher its relevance is in diagnosing
cancer. Using this criterion, genes are ranked for selection.

The superiority of GSOM, as compared with RRFCM,
SOM, RFPCM, RPCM, FCM, c-medoids, and AP method
is demonstrated in clustering microarray data in terms of
β-index, DB-index, Dunn-index, and FRE. Intuitively, for
handling data with overlapping patterns (like microarrays),
any RFC method, like GSOM, will perform better than SOM,

c-medoids, AP method, fuzzy clustering (e.g., fuzzy c-means),
and rough clustering method (e.g., RPCM) as RFC has one/two
more component/s. Furthermore, the conventional SOM has
advantages over c-means when the shape of the real clusters
in the data is noncircular. Hence, the performance of GSOM is
expected to be better than the RPCM, FRPCM, and RRPCM
which uses c-means instead of SOM. Moreover, the granu-
lation structures in GSOM preserve the relative information
among patterns using fuzzy similarity matrix and then transfer
it to the neighborhood function through rough approximation
operators, which is missing in other rough fuzzy clustering
methods.

The genes selected by the UFRFS are more relevant than
those of the other unsupervised methods, in terms of feature
evaluation index and classification accuracy in most of the
cases. The proposed UFRFS provides statistically more signif-
icant results than related unsupervised methods (Algorithm 1,
UFRDR, and UFSFS) and have similar expression profiles.
The genes selected by the UFRFS are more biologically
meaningful for all data sets except ethanol data, where no
significant biological terms are found.
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