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a b s t r a c t

In this article, we propose a methodology for selecting genes that may have a role in mediating a disease
in general and certain cancers in particular. The methodology, first of all, groups an entire set of genes.
Then the important group is determined using two neuro-fuzzy models. Finally, individual genes from
the most important group are evaluated in terms of their importance in mediating a cancer, and
important genes are selected. A method for multiplying existing data is also proposed to create a data
rich environment in which neuro-fuzzy models are effective. The effectiveness of the proposed
methodology is demonstrated using five microarray gene expression data sets dealing with human
lung, colon, sarcoma, breast and leukemia. Moreover, we have made an extensive comparative analysis
with 22 existing methods using biochemical pathways, p-value, t-test, F-test, sensitivity, expression
profile plots, pi-GSEA, Fisher-score, KOGS, SPEC, W-test and BWS, for identifying biologically and
statistically relevant gene sets. It has been found that the proposed methodology has been able to select
genes that are more biologically significant in mediating certain cancers than those obtained by the
others.

& 2014 Elsevier B.V. All rights reserved.

1. Introduction

In the present context, the selection of disease mediating genes is
based on their expression patterns in the normal as well as in the
diseased sample. A genome wide expression pattern for a particular
tissue is generated through microarray experiments. These experi-
ments involve uncertainty in the preparation of microarray chip as
well as sample collection and hybridization experiments. Moreover, a
microarray experiment provides an indication of average expression
values of genes but not their expression values. Thus, uncertainty is
involved in this kind of data.

Gene selection refers to the task of selecting some important
genes that best explain experimental variations [1]. It is much
cheaper to focus on a small number of important genes that have
different expression patterns in diseased samples. Therefore, using
effective gene selection methods, a small list of highly important
genes can be isolated from the whole genome, which have
a direct/indirect role in causing diseases [2,3]. We call these
important genes disease mediating genes. From a gene expression
point of view, disease mediating genes refer to those that have

changed their behavior from normal conditions in which symp-
toms of the disease under consideration are not present. Then,
these genes can be explored to identify the cause of the disease
and thereby may aid rational drug design.

Fuzzy set theory enables one to deal with uncertainties arising
from deficiencies like inexactness, vagueness, and uncertainty in
information in an efficient manner. Thus, fuzzy set theory forms a
tool for handling these uncertainties. Artificial neural networks
(ANN), having the capability of fault tolerance, adaptivity, general-
ization, and scope for massive parallelism, are widely used in
dealing with learning and optimization tasks. Moreover, artificial
neural networks (ANNs) are used to solve problems which are
intractable in nature. The neuro-fuzzy models, a hybridization of
the concepts of fuzzy sets and artificial neural networks, can tackle
such intractability and uncertainty, in an efficient way [4]. Thus,
we have used neuro-fuzzy models here.

The present article is an attempt in this regard and provides a
new methodology involving neuro-fuzzy models for identifying
genes mediating a disease in general and certain cancers in
particular. The methodology involves grouping of genes using
correlation coefficient, followed by selecting the most important
group using the neuro-fuzzy models. We call these models neuro-
fuzzy Model-1 (NFM-1) and neuro-fuzzy Model-2 (NFM-2). Then
the most important genes from the selected most important group
are identified using neuro-fuzzy models again. It is to be
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mentioned here that these neuro-fuzzy models have been devel-
oped in [5–7] for the purpose of feature selection. The methodol-
ogy is applicable in a data rich environment, i.e., if the number of
samples is quite large compared to the dimension of each sample.
However, in the present problem, the number of microarray
measurements (samples) is quite low compared to the number
of genes (dimension). In order to overcome this problem, we have
proposed a way of generating more data from the given micro-
array gene expression measurements.

The effectiveness of the proposed methodology, along with its
superior performance over several other methods, has been
demonstrated using five microarray gene expression data sets
dealing with cancers related to human lung, colon, breast, sarcoma
and leukemia. An initial set of results using lung expression data
has been published in [8]. The existing methods, with which the
results have been compared, are Bayesian regularization (BR)
model [9,10], significance analysis of microarray (SAM) [11],
signal-to-noise ratio (SNR) [12], neighborhood analysis (NA) [13],
support vector machine (SVM) [14,1], Gaussian mixture model
(GMM) [15], hidden Markov model (HMM) [16], constructive
approach for feature selection (CAFS) [17], entropy based pena-
lized logistic regression (Entropy-PLR) [18], minimum sum of
square of the correlation (MSC) and maximum value of square of
the correlation (MMC) with Naive Bayes classifier (NBC) and
nearest mean scaled classifier (NMSC) (i.e., NBC-MSC, NBC-MMC,
NMSC-MSC and NMSC-MMC) [19], leave-one-out calculation
sequential forward selection (LOOCSFS) [20], gradient based
leave-one-out gene selection (GLGS) [20], least square (LS) bound
measure with sequential forward selection (SFS) and sequential
floating forward selection (SFFS) [21], a method in the R package
(VarSelRF) [22], and partial least squares (PLS) SlimPLS [23]. The
performance comparison has been made using t-test, F-test and
p-value (in terms of the number of enriched attributes or GO (gene
ontology) attributes). In addition, we have used biological and
statistical measurements like pi-GSEA [24], Fisher-score [25], KOGS
[26], SPEC [27], W-test [28,30], BWS [29] for identifying the
biologically and statistically relevant gene set.

2. Some existing methods

In the present study, we have proposed neuro-fuzzy models for
identification of cancer mediating genes. We have made a survey
on existing gene selection methods for comparative analysis.
Among them, we have found some gene selection methods that
are using SAM, SNR, BR, NA, SVM, GMM, HMM, CAFS, Entropy-PLR,
NBC-MSC, NBC-MMC, NMSC-MSC, NMSC-MMC, LOOCSFS, GLGS,
SFS-LSBOUND and SFFS-LSBOUND, VarSelRF, and SlimPLS. Signifi-
cance analysis of microarray (SAM) [11] identifies genes with
statistically significant changes in expression values by using a
set of gene-specific t tests. Each gene is assigned a score on the
basis of its change in the gene expression value. Genes with scores
greater than a threshold value are deemed potentially significant.
The percentage of such genes identified by chance is the false
discovery rate (FDR). In order to estimate FDR, nonsense genes are
identified by analyzing permutations of the measurements. The
threshold value can be adjusted to identify smaller or larger sets of
genes, and FDRs are calculated for each set. The disadvantage of
SAM lies in the permutation stage where all the genes are put into
one group for evaluation. This requires an expensive computation.
Moreover, it probably confuses the analysis because of the noise in
gene expression data.

The method based on the signal-to-noise ratio (SNR) [12] is
applied to rank the correlated genes according to their discrimi-
native power. The method starts with the evaluation of a single
gene, and iteratively searches for other genes based on some

statistical criteria. The genes with high SNR scores are chosen as
the important ones. A limitation of this method is that many genes
with very low correlation coefficient values are removed by the
ranking criterion, because the correlation coefficient of genes is
only measured by one gene to others. However, it is very likely
that some of these abandoned genes may be useful when they are
combined for measuring the correlation values. SNR measurement
is affected by the size of the variables. When there are more
variables, the mean and variance of the remaining variables of
other classes are dependent on the data dispersion and the
number of variables, which affects SNR ranking of the significant
variables due to the general increase in noise in the data. If the
number of variables can be reduced significantly, the method is
more capable of detecting and ranking a smaller number of
significant variables.

Neighborhood analysis (NA) [13] is a method for clustering
multivariate data into distinct classes based on a given distance
metric over the data. Functionally, it serves the same purposes as
the K-nearest neighbor algorithm. Golub [13] applied NA to
identify predictor classes defined on the different responses to
therapy. The main disadvantage of the method is that it cannot
detect any significant correlation. Although this failure may be due
to the limited number of genes included in the study [13], it is also
possible that the “response” phenotype is too complex to be
associated with a cluster of genes, and a more elaborate relation-
ship may exist between response to therapy and gene expression.

Shevade and Keerthi [9] have developed a gene selection
algorithm based on sparse logistic regression (SLogReg) and
provide a simple but efficient training procedure. The degree of
sparsity is determined by the value of a regularization parameter,
which must be carefully tuned in order to get an optimal
performance. This normally involves a model selection stage,
based on a computationally intensive search for the minimization
of the cross-validation error. In [10] a simple Bayesian approach
has been incorporated to eliminate this regularization parameter.

SVM [14] is a machine learning methodology which separates
two classes by maximizing the margin between them. A novel
type of regularization in support vector machines (SVMs) is used
to identify important genes for cancer classification [14]. The
standard SVM and Lasso (L1) SVM are often considered using
quadratic programming and linear programming methods. An
iterative algorithm is used to solve the smoothly clipped absolute
deviation (SCAD) SVM efficiently. It is reported that the SCAD-SVM
selects a smaller and a more stable (with smaller standard errors)
number of genes than the L1-SVM in almost all the cases [14].
Recursive feature elimination (RFE) SVM is another algorithm of
gene selection using the weight magnitude as the ranking criter-
ion [1]. The SVM-RFE method ranks all the genes according to
some scoring function, and eliminates one or more genes with the
lowest scores. This process is repeated until the highest classifica-
tion accuracy is achieved.

A Gaussian mixture model (GMM) is based on a parametric
probability density function that is represented as a weighted sum
of Gaussian component densities [15,16]. Since GMM has been
used for parameter selection, we have considered it for our
comparison. In our study, we have implemented it on microarray
gene expression data for gene selection. Like GMM, we have
implemented HMM on microarray gene expression data for
identification of genes. Generalized HMMs provide an intuitive
framework for representing genes with their various functional
features, and efficient algorithms can be built to use such models
to recognize genes [32].

A constructive approach for feature selection (CAFS) [17] is based
on the concept of the wrapper approach and sequential search
strategy. As a learning model, CAFS employs a typical three layered
feed-forward neural network for selecting genes. In another
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investigation, an entropy based gene selection method has been
developed where penalized logistic regression (Entropy-PLR) is
used to estimate the probability of genes [18]. A lagging prediction
peephole optimization (LPPO) algorithm is used to choose an
optimal gene set [19]. It is also to be noted that the minimum
sum of square of the correlation (MSC) and maximum value of
square of the correlation (MMC) are also combined with Naive
Bayes classifier (NBC) and nearest mean scaled classifier (NMSC) for
gene selection (i.e., NBC-MSC, NBC-MMC, NMSC-MSC and NMSC-
MMC) [19]. In an investigation, a gene selection method, called
leave-one-out calculation sequential forward selection (LOOCSFS)
algorithm, has been implemented by combining the LOOC measure
with the sequential forward selection scheme [20]. Further, a novel
gene selection algorithm, the gradient based leave-one-out gene
selection (GLGS) algorithm, has been developed in [20]. In another
study, least square (LS) bound measure has been used to evaluate
the criterion for gene selection [21]. The LS bound measure can be
considered as a hybrid of filter and wrapper methods [21]. The LS
bound measure has been combined with search algorithms, like the
sequential forward selection (SFS), for the purpose of gene selection.
The SFS algorithm is a simple greedy heuristic search algorithm (i.e.,
SFS-LSBOUND) [21]. For better performance, other complex search
algorithms, such as sequential floating forward selection (SFFS),
have been used but at the cost of increasing the computational
complexity (i.e., SFFS-LSBOUND) [21].

A new method in the R package (VarSelRF), which uses the
notion of random forest, has been developed for gene selection in
classification problems that use random forest [22]. The main
advantage of this method is that it returns very small sets of genes
that retain a high predictive accuracy, and is competitive with
existing methods of gene selection [22]. In another study, a novel
gene selection technique has been developed based on the partial
least squares (PLS) algorithm, and is called SlimPLS [23]. PLS aims
at obtaining a low dimensional approximation of a matrix that is
‘as close as possible’ to a given vector.

3. Proposed methodology

Here we describe the proposed methodology for gene selection.
Since the number of genes (number of dimension) is very large
compared to the number of measurements (samples), we have
grouped the genes based on the correlation coefficient. Then the
groups are evaluated using NFM-1 [6] or NFM-2 [7,5], and the
most important group is selected. Finally, important genes are
selected from the most important group using the two neuro-
fuzzy models again. The entire methodology is depicted in Fig. 1.

3.1. Grouping of genes

Let us consider a set X¼ fx1; x2;…; xng of n genes for each of
which the first p expression values in normal samples and the next
q expression values in diseased samples are given. We now
compute the correlation coefficient between pairs of these genes
based on their expression values in normal samples. Thus, the
correlation coefficient rij between ith and jth genes is given by

rij ¼
∑p

l ¼ 1ðxil�miÞ � ðxjl�mjÞ
ð∑p

l ¼ 1ðxil�miÞ2Þ1=2 � ð∑p
l ¼ 1ðxjl�mjÞ2Þ1=2

ð1Þ

here mi and mj are the mean of expression values of ith and jth
genes, respectively, over normal samples. The correlation coefficient
assumes values in the interval ½�1;1�. When rij ¼ �1 ðþ1Þ, there is
a strong negative (positive) correlation between ith and jth genes.
Genes with high positive correlation values are placed into the same
group. The main idea of grouping is as follows. If a gene has a strong
positive correlation with another gene, then the expression patterns

of these two genes are similar. In that case, we may consider one of
them as a representative gene and ignore the other.

Similarly, for diseased samples, the correlation coefficient r0ij
between ith and jth genes is given by

r0ij ¼
∑q

l0 ¼ 1ðx0il0 �m0
iÞ � ðxjl0 �m0

jÞ
ð∑q

l0 ¼ 1ðx0il0 �m0
iÞ2Þ1=2 � ð∑q

l0 ¼ 1ðx0jl0 �m0
jÞ2Þ1=2

ð2Þ

Fig. 1. Neuro-fuzzy model for gene selection.
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The groups of genes are identified in such a way that the genes in
the same groups are strongly positively correlated. In order to do
this, rij (Eq. (1)) is computed for each pair of genes. If rijZ0:75,
then these genes are placed in the same group. Here we have used
correlation coefficient to narrow down the search space by finding
genes of a similar behavior in terms of similar expression patterns.
This helps us to identify the set of responsible genes mediating
certain cancers. The choice of 0.75 as a threshold value has been
done through extensive experimentation for which the distances
among the cluster centers have become maximum. In this way, the
first group of genes is obtained.

In the same way, the second group is obtained from the
remaining genes. This step is continued till all the genes are
placed in one of the groups. It is to be mentioned here that some
singleton groups may also be formed by this process. Thus, we
have a few groups containing various genes. It is to be mentioned
here that one may choose other high values (r1) instead of 0.75
as the threshold. Initially, we want to form the group of genes with
a similar behavior using correlation coefficient value. The correla-
tion value close to þ1 between two genes indicates that the
behavior of the genes is almost similar in nature, i.e., they belong
to the same group. On the other hand, if their correlation value is
close to �1 then their behavior is opposite in nature, i.e.,
negatively correlated. This is why we did not consider the negative
value of correlation among the genes.

It is to be specified here that genes are grouped based on the
correlation coefficient. Thus, each group consists of a set of genes
that have similar expression patterns. The genes with similar
expression patterns should be similarly differentially regulated
and are expected to be involved in a specific biochemical pathway.

We use neuro-fuzzy models (NFM-1 or NFM-2) [5–7], in the
next steps, for selecting the most important group followed by the
most important genes. Since the number of measurements (sam-
ples) is quite low, we need to generate more data. This will be
helpful to create a data rich environment where artificial neural
networks are more effective. We now describe the method for
generating data. This is followed by the description of the neuro-
fuzzy models [5–7].

3.2. Generation of data

After grouping, let us assume that we have a set of K non-
overlapping groups, viz., fG1;G2;…;Gk;…;GKg such that
jGkj ¼ nk; 8k. Let us also assume that a member of Gk is repre-
sented by gk ¼ ½gk1;gk2;…;gkl;…;gkp�T such that gk ¼ xj, for some
value of j. Then we choose one gene from each group and form a
vector v¼ ½v1; v2;…; vk;…; vK �T , where vk ¼ gkl, lth sample value.
That is, the components of vector v are the lth normal sample
values of K genes that are drawn from each group Gk. Similarly,
other such vectors are formed by the other normal sample values
and we have a total of p such vectors for each draw of K genes, one
from each group. We thus create a set S of all such vectors v from
normal samples so that the number of such vectors in S is

s¼ jSj ¼ p� ∏
K

k ¼ 1
nk ð3Þ

Similarly, another set S0 of vectors v0 is created from the
diseased samples such that

s0 ¼ jS0j ¼ q� ∏
K 0

k0 ¼ 1
n0
k0 ð4Þ

where K 0 is the number of groups of genes and n0
k0 is the number of

genes in k0 th group. Now we have two sets S and S0 of vectors v
and v0, respectively.

3.3. Neuro fuzzy models [5–7]

In the next steps, we use two neuro-fuzzy algorithms that have
been developed in [5–7]. Although they developed neuro-fuzzy
models for feature selection, we have implemented the methods
for the purpose of gene selection. Here, we have termed these
modes as neuro-fuzzy model-1 (NFM-1) and neuro-fuzzy model-2
(NFM-2).

3.3.1. Model NFM-1
Neuro-fuzzy model-1 (NFM-1) deals with formulation of an

evaluation index followed by its minimization. On minimization,
the weights of links in NFM-1 provide ranking of the groups of
genes or individual genes, based on their importance in mediating
a cancer.

Evaluation index: Let us consider a microarray gene expression
data set comprising expression values of n genes in both normal
(class C1) and diseased (class C2) conditions. That is, the class C1
contains an expression pattern of n genes for normal samples and
C2 includes that for diseased (test) samples. Here we consider the
classes C1 and C2 as two fuzzy sets, and the corresponding
membership functions μC1

and μC2
have been considered as a

triangular type [33]. Let xi be the gene expression pattern of ith
sample. That is, xi ¼ ½xi1; xi2;…xij;…; xin�T , where xij is the expres-
sion value of jth gene in the ith sample. The fuzzy evaluation index
for a subset containing a few of these n genes is defined as [6]

ENFM�1 ¼ ∑
2

k ¼ 1
∑

xACk

skðxÞ
∑k0 akskk0 ðxÞ

� αk ð5Þ

where

skðxÞ ¼ μCk
ðxÞ � ð1�μCk

ðxÞÞ ð6Þ

and

s12ðxÞ ¼ 1
2 ½μC1

ðxÞ � ð1�μC2
ðxÞÞ�þ½μC2

ðxÞ � ð1�μC1
ðxÞÞ� ð7Þ

with μC1
ðxÞ and μC2

ðxÞ being the membership values of the
expression pattern x in classes C1 and C2, respectively. Here αk
(¼ jCkj) is the normalizing constant for class Ck which takes care of
the effect of relative sizes of the classes. The membership function
μCðxiÞ is defined as

μCðxiÞ ¼ ∑
i;j
w2

j

xij� f minj

f cj � f minj

 !2
2
4

3
5
1=2

where f minj
rxijo f cj

¼ ∑
i;j
w2

j

f maxj �xi;j
f maxj � f cj

 !2
2
4

3
5
1=2

if f cj rxijo f maxj

¼ 0 otherwise ð8Þ
here C is C1 for computing membership function corresponding to
the normal class (C1) and C2 for that of the diseased class (C2). The
terms fmax and fmin are the maximum and minimum expression
values, and fc denotes the mean value of the expression pattern for
corresponding classes. The weighting coefficient wj denotes the
importance of jth group (gene) in describing a class and separation
between two classes. Eqs. (5)–(8) are such that the membership
μCðxÞ of a representative gene of a group (or a gene in the most
important group) gene x to class C is 1 if it is located at the mean of
C, and 0.5 if it is at the boundary (i.e., at an ambiguous region) for a
symmetric class structure. In practice, the class structure may not
be symmetric. In that case, the membership values of some
patterns at the boundary of the class will be greater than 0.5.
Also, some expression patterns of other classes may have member-
ship values greater than 0.5 for the class under consideration. For
handling this undesirable situation, the membership function
corresponding to a class needs to be transformed so that it can
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model the real life class structures (normal or diseased) appro-
priately. For this purpose, we have incorporated a weighting factor
(w) corresponding to a gene, so that the transformed membership
functions model the class structures appropriately.

Artificial neural network model: ENFM�1 is now minimized with
respect to wis using NFM-1. For details of the architecture and
learning algorithm of the network, one may refer to [6]. In the case
of selecting the most important group, we consider v and v0 (as
described in Section 3.2) as the input patterns to the network.
Thus, the number of nodes for selecting the most important group
is K. Once the most important group is selected based on w-values,
we present a gene expression pattern in this group to the network.
In this case, the number of input nodes is n0 (n05n), where n0

genes are included in the said group. In the schematic diagram
(Fig. 2) of the NFM-1, the black circles represent the auxiliary
nodes, and white circles represent the input and output nodes.
Small triangles attached to the output nodes represent the
modulatory connections from the respective auxiliary nodes. For
further details one may refer to [6].

Algorithm-NFM-1. The steps involved in the training phase of
NFM-1 are as follows:

� Step I: Set the weights of the feedback links from the auxiliary
node corresponding to the class label, i.e., normal and disease,
to þ1 or �1.

� Step II: Initialize the weights of the feedforward links, with
small random values from input nodes to output nodes.

� Step III: For each input pattern, do the following steps until
convergence, i.e., until the change in the evaluation index
becomes less than certain predefined threshold
○ Step III.1: Present the gene expression vector to the input

layer of the network.
○ Step III.2: Activate only one auxiliary node at a time. The

input nodes, in turn, send the resultant activations to the
output nodes after activating an auxiliary node which sends
the feedback to the input layer. The activation of the output
node provides the membership value of the input pattern to
the corresponding class. Hence, the membership values of
the input pattern corresponding to all the classes are
computed by sequentially activating the auxiliary nodes
one at a time.

○ Step III.3: Compute the evaluation index ENFM�1 using Eq. (5).
○ Step III.4: Compute the desired change in weight (w) values

of the feedforward links to be made using the updating rule.
○ Step III.5: Compute total change in weight values for each

input, over the entire set of patterns. Update weight values
with the average change.

� Step IV: After convergence, the evaluation index attains a local
minimum. In that case, the weight values of the feedforward
links indicate the order of importance of the groups (or
individual genes in the most important group).

3.3.2. Model NFM-2
Like NFM-1, the system NFM-2 involves formulation of a fuzzy

evaluation index followed by minimization of the evaluation index
in the framework of NFM-2. On minimization, the weights of the
model indicate the order of groups and individual genes in the
most important group. A set of weighting coefficients is used to
denote the degree of importance of the individual genes in
characterizing a disease and to provide flexibility in modeling.
Although NFM-2 works under unsupervised learning, we have
used given class labels (i.e., normal and diseased types) of the data.
NFM-2 has just been considered as a tool for selecting the most
important group and thereby the most important genes. Mini-
mization of the evaluation index through unsupervised learning of
the network determines the optimum weighting coefficients
providing an ordering of the importance of genes individually.
For details of the architecture and learning algorithm of the
network, one may refer to Fig. 3 [7,5].

Evaluation index: Let μij be the degree of similarity between the
expression patterns of ith normal and jth diseased samples in the
space of original expression pattern, and μ0ij be that corresponding
to some transformed space involving weighting coefficients. That
is, μ may be interpreted as the membership values of expression
patterns of a pair of genes belonging to the fuzzy set “similar”. The
evaluation index for a set of diseased samples is defined as [7,5]

ENFM�2 ¼
2

sðs�1Þ∑i
∑
ja i

1
2
½μ0ijð1�μijÞþμijð1�μ0ijÞ� ð9Þ

The term s is the number of presentation of expression patterns.
The membership function μ is defined as [7,5]

μij ¼ 1� Jxi�xj J
β � Jxmax�xmin J

where uru0

¼ 0 otherwise ð10ÞFig. 2. Neuro-fuzzy model-1 (NFM-1) [6]. Here μC1
and μC2

indicate membership
values in the normal and diseased states, respectively.

Fig. 3. Neuro-fuzzy model-2 (NFM-2) [7,5]. Here μ and μ0 indicate membership
values in the normal and diseased states, respectively.
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The terms u¼ Jxi�xj J and u0 ¼ β � Jxmax�xmin J . The terms xmax

and xmin are the maximum and the minimum expression pattern
in the data set. βAð0;1� defines the degree of flattening of the
membership function. As the value of β increases, numbers of non-
zero elements for μ and μ0 also increase.

The membership function μ0 is defined as [7,5]

μ0ij ¼ 1�ð∑n
l ¼ 1ðw2

l Þ � ðxil�xjlÞ2Þ1=2
β � Jxmax�xmin J

where zrz0

¼ 0 otherwise ð11Þ
The terms z¼ ð∑n

l ¼ 1ðw2
l Þ � ðxil�xjlÞ2Þ1=2 and z0 ¼ β � ðJxmax�

xmin J Þ. Here, wlA ½0;1� represents the weighting coefficient corre-
sponding to lth gene. It has the following characteristics: (1) for
μijo0:5, ENFM�2 decreases as μ0ij-0. For μij40:5, as μ0ij-1, ENFM�2

decreases. In both the cases, the contribution of the pair of
expression patterns to the evaluation index ENFM�2 becomes
minimum (¼0) when μij ¼ μ0ij ¼ 0 or 1; (2) for μijo0:5, as μ0ij-1,
ENFM�2 increases. For μij40:5 as μ0ij-0, ENFM�2 increases. In both
the cases, the contribution of the pair of expression patterns to
ENFM�2 becomes maximum (¼0.5) when μij ¼ 0 and μ0ij ¼ 1, or
μij ¼ 1 and μ0ij ¼ 0; and (3) if μij ¼ 0:5, the contribution to ENFM�2

becomes constant (¼ 0:25), i.e., independent of μ0ij.
Therefore, the evaluation index decreases as the degree of

similarity between a normal expression pattern and a diseased
expression pattern of a gene tends to be either zero (when μo0:5)
or one (when μ40:5), and becomes minimum for μij ¼ μ0ij ¼ 0 or 1.
Therefore, our objective is to select those genes for which the
evaluation index becomes minimum, thereby optimizing the
decision on the similarity between a pair of such gene expression
patterns. Characteristic (2) implies that ENFM�2 increases when
similar (dissimilar) gene expression patterns (one in the normal
condition and the other in the diseased condition) become
dissimilar (similar) in the weighted space. That is, the process will
automatically protect any occurrence of such a situation through
minimizing ENFM�2. Similarly, when μij ¼ 0:5, i.e., decision regard-
ing this similarity is the most ambiguous, the contribution of the
pattern pair to ENFM�2 does not have any impact on the minimiza-
tion process.

Artificial neural network model: As in the case of NFM-1, ENFM�2

is now minimized with respect to wis using an artificial neural
network model. For details of the architecture and learning
algorithm of the network, one may refer to [7,5]. For the purpose
of selecting the most important group, we consider μ and μ0 to
generate Eq. (11). Thus, the number of nodes for selecting the most
important group is 2K . Once the most important group is selected
based on w-values, we present the gene expression pattern in this
group to the network. The neuro-fuzzy model-1 network (Fig. 3)
consists of an input, a hidden, and an output layer. In this case, the
number of input nodes is 2n0 (n05n), where n0 genes are included
in the said group. The hidden layer consists of n0 number of nodes.
The output layer consists of two nodes: one of them computes μ
and the other μ0. A hidden node is connected only to ith and ðiþn0Þ
th input nodes via weights þ1 and �1, respectively.

Algorithm-NFM-2. The steps involved in the training phase under
unsupervised leaning are as follows:

� Step I: Initialize the weight values of the feedforward links with
small random numbers from input nodes to output nodes.

� Step II: For each input pattern, do the following steps until
convergence, i.e., until the change in evolution index becomes
less than certain predefined threshold
○ Step II.1: Present the gene expression vector to the input

layer of the network.
○ Step II.2: A hidden node is connected only to ith and ðiþnÞ th

input nodes via weights þ1 and �1, respectively. The

output node, computing membership values μ0, which are
connected to a jth hidden node via weight, whereas that
computing the membership values in the original space is
connected to all the hidden nodes via weights þ1 each.

○ Step II.3: Compute evaluation index ENFM�2 using Eq. (9).
○ Step II.4: Compute the change in weights of the feed-

forward links.
○ Step II.5: Compute the total change in weight values over the

entire set of patterns. Update weight values with the
average change.

� Step III: After convergence, evaluation index attains a local
minimum. In that case, the weight values of the feedforward
links indicate the order of importance of the genes groups (or
individual genes in the most important group).

3.4. Selection of the most important group

For NFM-1, we consider that normal and diseased samples form
two classes, viz., normal (C1) and diseased (C2). We take
the number of input nodes as K, and the other nodes along with
the architecture of the system are decided automatically [6]. In the
case of NFM-2, the number of input nodes is 2K , and the other
nodes along with its architecture are decided automatically [7,5].
The first K nodes receive the vectors v as their inputs and second K
nodes receive v0. Thus, the number of such presentations is s� s0.
After learning in both the systems, we get weight values (w)
representing the importance of each group. Thus, the most
important group is selected for which the weight value (w) is
the largest.

The term “important group” means that the genes in the group
being involved in a particular biochemical pathway (alteration of
which leading to development of a cancer) have changed their
expression patterns in diseased samples significantly. The groups
are then ranked using neuro-fuzzy models based on the extent of
change in the expression patterns of genes in a group, in diseased
samples. The top ranked group is called “the most important
group”. Thus, the most important group is expected to contain the
genes responsible for the development of a cancer.

3.5. Selection of important genes from the most important group

Once the most important group is selected, only the genes in this
group are considered. If the number of genes in the most important
group is n0 (n05n), the numbers of input nodes in NFM-1 and NFM-2
are n0 and 2n0, respectively. The remaining parts of the architecture of
both the systems are determined automatically [5–7]. As in the case
of selection of groups, the number of classes for NFM-1 is 2. For NFM-
2, the first n0 input nodes receive expression values of genes (in the
most important group) of normal samples and the next n0 nodes
receive that of diseased samples. Thus, the number of presentations
in NFM-2 is p� q. After learning, we get weight values corresponding
to each gene representing its importance. Then we may consider
selecting a few important genes based on their w-values.

The genes in the most important group are then ranked by the
neuro-fuzzy models based on the extent of deviations of their
expression patterns in the diseased samples. The top ranked genes
are called “important genes”.

4. Computational cost

In this section, we shall derive an estimate for the cost incurred
in the computation. We have done it on an n number of genes.

Cost for calculating correlation coefficient: The entire method
starts with grouping of genes using correlation coefficient. The
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number of computations for calculating correlation coefficients of
n genes is ðn2Þ ¼ nðn�1Þ=2. Thus, the computational complexity for
grouping phase will be Oðn2Þ.

Cost for data generation: In the very next phase, generation of
data requires s computations where s¼ p�∏K

k ¼ 1nk. It can be
represented as p� ½ðn=KÞ � ðn=KÞ �⋯� ðn=KÞ� or ðn=KÞK where we
assume that n genes are distributed equal to K groups such that
nbK . Hence, the computational cost for data generation phase
will be OðnK Þ. For group selection, an s number of patterns are
taken as an input to NFM-1 and NFM-2.

Cost for computations in NFM -1 and NFM-2: After the selection
of a group, the genes within the group, i.e., n=K genes are taken as
an input to NFM-1 and NFM-2. If the number of iterations required
for convergence is t, then the number of computations requires
Oððn=KÞntÞ or OðtnnÞ. Thus, total computational cost becomes
Oðn2ÞþOðnK ÞþOðtnnÞ¼OðnK Þ.

5. Description of data sets

5.1. Human lung expression data

Human lung gene expression data is obtained by microarray
experiments of Affymetrix Corporation data for Ann Arbor tumors
and normal lung samples [34]. In this data set, there are 7129
genes (more specifically, Affymetrix probe-sets) for 86 lung tumor
and 10 normal lung samples The gene expression profiles repre-
sent 86 primary lung adenocarcinomas, including 67 stage I and 19
stage III tumors, as well as 10 neoplastic lung samples. More
details on this data set can be found in [34]. The database web link
is http://ncbi.nlm.nih.gov/projects/geo/.

5.2. Human colon expression data

This data set [35] consists of 18 tumor and 18 normal samples.
Samples were obtained from colon adenocarcinoma specimens snap-
frozen in liquid nitrogen within 20 min of removal/collection from
patients. From some of these patients, paired normal colon tissue was
also obtained. The microarrays were hybridized using an Affymetrix
Hum600 array by a standard protocol. Two thousand highest intensity
genes were selected and published on the web at http://microarray.
princeton.edu/oncology/. From this subset, seven diagnostic genes
were selected which give 100% correct classification. In this data set,
samples of colon adenocarcinoma and paired normal tissue from the
same patient were obtained from the Cooperative Human Tissue
Network. The tissue was snap-frozen in liquid nitrogen within 20–
30min of harvesting and stored thereafter at �80 1C. mRNA was
extracted from the bulk tissue samples and hybridized to the array
using standard procedures. The adenocarcinoma samples were speci-
fically re-reviewed by a pathologist where the samples were obtained
using paraffin-embedded tissue that was adjacent or in close proxi-
mity to the frozen sample from which the mRNA was extracted. The
publicly available data set consists of 18 adenocarcinoma and 18
normal samples. The set consists of 6600 genes and expressed
sequence tags (ESTs).

5.3. Human breast cell expression data

In this data set, there are 22,645 genes of breast cancer cell
expression profiles (HG-U133B) [36]. The data set consists of array
based gene expression profiling of breast cancer cell lines HCC 1954
and MDA-MB-436 in reference to mammary epithelial cells (data set
ID: GDS 823). In this data set there are 6 samples; two samples are for
normal breast epithelium control replicate human mammary epithe-
lial cells, and the remaining four samples for Breast Cancer cells. The
database web link is http://ncbi.nlm.nih.gov/projects/geo/.

5.4. Human soft tissue sarcoma expression data

This data set consists of expression profiling of soft tissue sarcoma
samples of Homo sapiens. Hypoxic regions often develop in tumors as
they increase in size. Results provide insight into the expression of
hypoxia-related genes in sarcomas under oligonucleotide technology.
In this data set, there are 22283 genes with 15 normal samples
and 39 diseased samples [37]. Among these 39 diseased samples,
7 fibrosarcoma samples, 2 GIST (gastrointestinal stromal) samples, 6
Leiomyosarcoma samples, 4 dedifferentiated liposarcoma samples,
3 pleomorphic liposarcoma samples, 9 MFH (malignant fibrous
histiocytoma) samples, 4 Round cell sarcoma samples and 4 Synovial
sarcoma samples are present in this data set (data set ID: GDS 1209).
The database web link is http://ncbi.nlm.nih.gov/projects/geo/.

5.5. Human lymphocytes and plasma cell expression data

The title of the data set is Waldenstrom's macroglobulinemia (B
lymphocytes and plasma cells) [38]. It has been used for analysis of B

Table 1
Selection of groups and genes by the neuro-fuzzy models for different data sets.
Note: Both NFM-1 and NFM-2 have selected the same group as the best group for
all the data sets. The third column indicates the set of common genes that are
identified after applying NFM-1 and NFM-2 on the most important group.

Data sets Selected
group

No. of selected genes from
selected group

Groups No. of genes in
each group

Lung 1 22 1 1659
2 1247
3 1290
4 741
5 666
6 1526

Colon 2 21 1 846
2 1156
3 1041
4 1293
5 763
6 653
7 903
8 809

Leukemia 4 19 1 2814
2 2987
3 2770
4 2567
5 2896
6 2778
7 2888
8 2583

Sarcoma 7 18 1 2557
2 2371
3 2744
4 2379
5 2289
6 2638
7 2191
8 2640
9 2456

Breast 5 17 1 2178
2 1956
3 2207
4 1882
5 2014
6 1971
7 2303
8 2264
9 2369

10 1854
11 1647
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lymphocytes (BL) and plasma cells (PC) from patients with Walden-
strom's macroglobulinemia (WM), a B-lymphoproliferative disorder
(BLPD) (data set ID: GDS 2643). The entire data set consists of 22,283
genes with 56 samples. Among them, there are 13 normal samples (8
normal B lymphocytes and 5 normal plasma cells) and 43 diseased (20
Waldenstrom's macroglobulinemia, 11 chronic lymphocytic leukemia,
and 12 multiple myeloma) samples. The database web link is http://
ncbi.nlm.nih.gov/projects/geo/.

6. Results and discussion

In this section, the effectiveness of the proposed methodology has
been demonstrated on human lung [34], colon [35], breast cell [36],
soft tissue Sarcoma [37], and human lymphocytes and plasma cell

[38] gene expression data. A comparative analysis with SAM, SNR, BR,
NA, SVM, GMM, HMM, CAFS, Entropy-PLR, NBC-MSC, NBC-MMC,
NMSC-MSC, NMSC-MMC, LOOCSFS, GLGS, SFS-LSBOUND and SFFS-
LSBOUND, VarSelRF and SlimPLS has also been included.

We have applied the methodology on the aforesaid gene
expression data sets for selecting some important gene mediating
diseases. According to the methodology, first of all, the genes are
placed into groups based on correlation values. For human lung
gene expression data, we have found 6 groups, containing 1659,
1247, 1290, 741, 666 and 1526 genes (Table 1). The group contain-
ing 1659 genes has been selected as the most important group by
both NFM-1 and NFM-2.

For both NFM-1 and NFM-2, we have considered two classes: one
representing the data of normal samples and the other for the
diseased samples. The weighting coefficientw has been initialized by

Fig. 4. Comparison among the methods in terms of biochemical pathways. Here TP, FP and FN indicate the number of true positive, false positive and false negative,
respectively.
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random numbers. Learning rate parameter η has been set to 0.1. After
grouping of genes and selection of the most important group, we
have found 30 and 32 genes, respectively, by NFM-1 and NFM-2.
Among these genes, we have found 22 genes that are present in both
the results. Finally, we have selected the 20 most important genes
based on their weight values w (chosen from higher values of wi's).

Similar experiments have been carried out for the other data
sets too. For example, in the case of human colon gene expression
data set, eight groups containing 846, 1156, 1041, 1293, 763, 653,
903 and 809 genes have been found. Likewise, eleven groups
(containing 2178, 1956, 2207, 1882, 2014, 1971, 2303, 2264, 2369,

1854, and 1647 genes) for human breast cell gene expression data,
nine groups (containing 2575, 2371, 2744, 2379, 2289, 2638, 2191,
2640, and 2456 genes) for human soft tissue sarcoma gene
expression data, eight groups (containing 2814, 2987, 2770, 2567,
2896, 2778, 2888, and 2583 genes) for human lymphocyte and
plasma cell gene expression data have been found.

On applying both NFM-1 and NFM-2, we have got the groups
containing 1156 genes for human colon expression data, 2014 genes
for human breast cell expression data, 2191 genes for human soft
tissue sarcoma expression data, and 2567 genes for human lympho-
cyte and plasma cell expression data to be the best groups. Finally, we

Table 2
Comparative results on the number of enriched attributes for various sets of significant genes corresponding to different methods. We have termed our methodology as
NFM-1 and NFM-2 depending on the use of NFM-1 and NFM-2 in the second and third steps.

Data set Gene set Number of enriched attributes obtained by

NFM-1 NFM-2 SAM SNR NA BR L1-SVM SCAD-SVM SVM-RFE GMM HMM

Lung First 5 62 60 14 10 12 17 56 52 61 29 22
First 10 75 76 20 19 15 24 62 61 67 37 27
First 15 80 82 25 24 16 28 70 72 73 43 31
First 20 82 95 29 33 18 32 78 75 79 47 38

Colon First 5 49 54 27 23 25 28 51 42 39 21 19
First 10 61 60 31 32 31 31 52 45 51 28 28
First 15 63 63 33 35 36 31 58 56 55 28 32
First 20 66 68 35 44 40 33 61 57 55 32 36

Sarcoma First 5 80 84 41 49 47 56 78 82 69 55 59
First 10 92 95 50 54 57 63 91 92 78 67 65
First 15 100 101 61 60 68 74 101 94 83 72 79
First 20 106 113 65 73 78 84 105 104 98 82 81

Leukemia First 5 86 81 59 19 36 52 71 80 78 43 50
First 10 92 89 60 26 48 59 76 87 89 51 58
First 15 104 101 70 37 55 70 88 89 99 57 69
First 20 111 110 81 43 68 73 92 97 107 71 81

Breast First 5 36 33 15 6 16 12 38 31 27 12 17
First 10 48 44 18 12 18 13 42 38 32 15 17
First 15 56 51 22 14 21 17 47 38 35 15 18
First 20 59 60 29 17 27 20 56 41 37 17 19

Table 3
Comparative results on the number of enriched attributes for various sets of significant genes corresponding to different methods. We have termed our methodology as
NFM-1 and NFM-2 depending on the use of NFM-1 and NFM-2 in the second and third steps.

Data set Gene
set

Number of enriched attributes obtained by

NFM-1 NFM-2 CAFS Entropy-
PLR

NBC-
MMC

NMSC-
MMC

NBC-
MSC

NMSC-
MSC

LOOCSFSFS GLGS VarSelRF SFS-
LSBOUND

SFFS-
LSBOUND

LPPO SlimPLS

Lung First 5 62 60 34 32 36 44 40 31 28 37 45 37 27 32 40
First 10 75 76 38 33 36 48 49 51 30 39 49 50 29 38 44
First 15 80 82 38 37 43 48 53 51 35 42 50 52 41 61 67
First 20 82 95 45 47 51 53 57 60 43 54 60 61 55 69 70

Colon First 5 49 54 24 30 24 19 22 19 31 22 25 15 22 33 32
First 10 61 60 29 31 27 22 22 20 36 25 25 18 25 35 39
First 15 63 63 31 31 29 27 27 20 36 28 30 22 29 36 45
First 20 66 68 40 34 30 29 29 22 38 30 32 24 31 40 48

Sarcoma First 5 80 84 44 40 45 51 50 38 37 43 60 47 56 72 67
First 10 92 95 49 47 55 55 51 40 43 49 67 67 59 75 78
First 15 100 101 52 52 59 59 55 57 56 50 70 80 62 75 91
First 20 106 113 61 57 63 67 57 62 66 54 87 82 67 79 95

Leukemia First 5 86 81 51 44 35 55 62 82 43 60 52 76 80 78 81
First 10 92 89 56 45 50 57 71 85 61 69 55 82 84 90 89
First 15 104 101 62 50 61 57 79 95 67 78 73 85 92 95 97
First 20 111 110 67 59 67 61 81 101 87 78 84 89 95 96 104

Breast First 5 36 33 19 33 26 29 29 15 12 28 23 32 16 29 37
First 10 48 44 29 47 35 33 50 28 19 39 24 37 18 42 46
First 15 56 51 37 62 39 45 59 29 28 45 24 49 34 46 54
First 20 59 60 52 69 53 56 62 34 39 50 25 58 39 54 66
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have got 25, 22, 21 and 24 most important genes corresponding to the
aforesaid data sets through the algorithm NFM-1. Using NFM-2, these
numbers are 27, 21, 21, and 23 for human colon, human breast cell,
human soft tissue sarcoma, and human lymphocyte and plasma cell
gene expression data sets, respectively. The numbers of genes that are
obtained by both NFM-1 and NFM-2 are 21, 17, 18, and 19 correspond-
ing to these data sets (Table 1). As before, the values of η are set to 0.1.
These selected genes are then explored for their role in causing
diseases through computing the number of functional enrichments

that are obtained corresponding to them, and this is described in the
next subsection.

6.1. Comparison and validation of results

In this section, we compare the results obtained by various
methods including NFM-1 and NFM-2. This comparison has been
done using biochemical pathways, p-value, t-test, F-test and

Table 4
Comparative results on the number of enriched attributes for various sets of least significant genes corresponding to different methods. We have termed our methodology as
NFM-1 and NFM-2 depending on the use of NFM-1 and NFM-2 in the second and third steps.

Data set Gene set Number of enriched attributes obtained by

NFM-1 NFM-2 SAM SNR NA BR L1-SVM SCAD-SVM SVM-RFE GMM HMM

Lung Last 5 0 0 1 1 1 2 0 0 0 1 2
Last 10 0 0 3 1 2 2 0 0 0 2 2
Last 15 0 0 4 3 2 3 0 0 0 2 2
Last 20 0 0 5 3 4 3 0 0 1 2 2

Colon Last 5 0 0 1 2 2 4 0 0 1 4 3
Last 10 0 0 2 4 2 5 1 0 1 4 3
Last 15 0 0 3 5 3 7 1 1 1 5 5
Last 20 1 1 4 7 4 8 1 1 3 6 7

Sarcoma Last 5 0 0 4 6 10 8 0 1 0 2 2
Last 10 0 0 9 10 12 10 1 2 1 4 4
Last 15 0 0 11 10 12 13 2 2 2 4 5
Last 20 1 1 14 13 18 17 2 2 2 4 7

Leukemia Last 5 0 0 7 9 11 10 0 0 0 0 0
Last 10 0 0 9 10 12 10 0 0 0 2 3
Last 15 0 0 10 11 12 12 0 2 1 3 4
Last 20 0 0 10 13 13 15 1 2 1 4 6

Breast Last 5 0 0 6 3 6 7 0 0 0 1 1
Last 10 0 0 8 4 6 7 0 0 3 2 2
Last 15 0 1 11 4 7 10 1 0 5 4 4
Last 20 0 2 12 8 9 13 2 1 5 4 5

Table 5
Comparative results on the number of enriched attributes for various sets of least significant genes corresponding to different methods. We have termed our methodology as
NFM-1 and NFM-2 depending on the use of NFM-1 and NFM-2 in the second and third steps.

Data set Gene
set

Number of enriched attributes obtained by

NFM-1 NFM-2 CAFS Entropy-
PLR

NBC-
MMC

NMSC-
MMC

NBC-
MSC

NMSC-
MSC

LOOCSFSFS GLGS Var Sel
RF

SFS LS BOU
ND

SFFS LS BOU
ND

LP
PO

Slim
PLS

Lung Last 5 0 0 2 1 0 0 4 2 0 4 0 1 0 0 0
Last 10 0 0 2 3 3 0 4 2 3 6 1 1 0 1 1
Last 15 0 0 2 3 6 0 5 2 3 8 1 2 2 3 1
Last 20 0 0 4 3 6 2 6 2 6 10 2 2 3 4 1

Colon Last 5 0 0 3 2 2 2 0 3 0 0 3 2 2 0 1
Last 10 0 0 4 3 5 4 2 4 2 1 5 2 4 0 2
Last 15 0 0 5 4 7 7 6 5 2 1 5 5 4 2 2
Last 20 1 1 5 5 8 9 9 8 3 3 6 7 5 2 3

Sarcoma Last 5 0 0 0 0 0 1 2 0 2 6 1 0 1 2 2
Last 10 0 0 1 0 2 2 3 1 2 7 2 2 2 3 3
Last 15 0 0 3 1 3 3 3 2 4 9 3 3 2 3 4
Last 20 1 1 4 1 6 4 4 4 7 9 4 4 2 5 4

Leukemia Last 5 0 0 0 1 2 1 0 0 1 1 0 1 0 3 0
Last 10 0 0 0 1 2 2 3 0 4 1 0 2 2 4 0
Last 15 0 0 1 2 3 2 4 2 4 1 2 2 3 4 2
Last 20 0 0 1 2 4 2 5 3 4 3 3 5 7 4 2

Breast Last 5 0 0 1 0 0 3 1 2 0 2 2 1 0 0 0
Last 10 0 0 2 1 0 4 2 2 1 3 2 1 0 0 0
Last 15 0 1 2 1 3 5 2 3 2 4 2 4 2 0 0
Last 20 0 2 2 1 3 5 3 5 2 5 2 6 2 2 1
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sensitivity. We have also tried to validate some of our results using
some earlier investigations. In addition, we have implemented
various types of biological and statistical parameters like pi-GSEA,
Fisher-score, KOGS, SPEC, W-test, and BWS for performance
comparisons and validation.

6.1.1. Using biochemical pathways
Here we consider various biochemical pathways that are

involved in different cancers considered here. We have found
these pathways from NCBI databases (http://ncbi.nlm.nih.gov/
projects/geo/) for lung, leukemia and colon cancers only. Thus,
we have been restricted to compare the results for these cancers
only. From the biochemical pathways involved in a particular
cancer, we consider the genes/proteins involved in them.

For lung cancer, we have found non-small cell lung cancer and
small cell cancer pathways. A set of 409 genes is involved in these
two pathways. We have compared this set of genes with those
obtained by 24 methods. Here we have identified 291 and 298
genes that are common in database information and the results of
NFM-1 and NFM-2, respectively. We have called these genes true
positive (TP) genes. Thus, we have 118 and 111 genes that are in the

set of top ranked 409 genes, respectively, obtained by NFM-1 and
NFM-2, but not involved in the pathways. These 118 and 111 genes
are considered as false positive (FP). Similarly, the number of false
negative genes is 118 and 111 for NFM-1 and NFM-2, respectively.
Likewise, we have computed the number of true positive, false
positive and false negative genes for the other methods. From
Fig. 4, it is clear that both NFM-1 and NFM-2 have been able to
identify more true positive genes, but less false positive and false
negative genes compared to all the other methods, along with
L1-SVM, SCAD-SVM, and SlimPLS.

For human colon expression data, we have found 62 genes that
are present in a colon cancer related pathway (i.e., colorectal
cancer pathway). From Fig. 4, it is clearly observed that NFM-1
performs better than NFM-2 along with SVM-RFE and SlimPLS.
NFM-2 generates a similar performance along with L1-SVM, SCAD-
SVM, NMSC, LOOCSFS for colon cancer. Similarly, we have found
355 genes in leukemia related pathways like chronic myeloid and
acute myeloid leukemia. As in the case of lung cancer both NFM-1
and NFM-2 along with L1-SVM, SCAD-SVM, NMSC, VarSelRF and
SlimPLS have outperformed the other methods in terms of
identifying more true positive genes, but less false positive and
false negative genes (Fig. 4).

Table 6
Significant genes for human lung expression data set. The results are validated by t-test and F-test. Some of the results are validated by references. We have termed our
methodology as NFM-1 and NFM-2 depending on the use of NFM-1 and NFM-2 in the second and third steps.

Method Level of
significance (%)

Genes (t-test) Genes (F-test) References

NFM-1 99.9 CALCA, PFKP, TYMS, IGFBP3, IARS, HBB,
HLA-B, SFTPA2, TNF

[40–54]

99 IGHG3, PRKACA, SORT1, SFTPA1, MEN1,
IGHM

CALCA, PFKP, TYMS, IGFBP3, IARS, HBB, HLA-B, SFTPA2, TNF, IGHG3,
PRKACA, SORT1, SFTPA1, MEN1, IGHM

95 RPLP0, SMCIL1, SFTPC, HLA-DRA, MGP,
RNASE1

RPLP0, SMCIL1, SFTPC, HLA-DRA, MGP, RNASE1

NFM-2 99.9 CALCA, PFKP, TYMS, IGFBP3, IARS, HBB,
HLA-B, SFTPA2, TNF

[40–54]

99 IGHG3, PRKACA, SORT1, MEN1, SFTPA1,
IGHM

CALCA, PFKP, TYMS, IGFBP3, IARS, HBB, HLA-B, SFTPA2, TNF, IGHG3,
PRKACA, SORT1, SFTPA1, MEN1, IGHM

95 RPLP0, SMCIL1, MGP, RNASE1, SFTPC,
HLA-DRA

RPLP0, SMCIL1, SFTPC, HLA-DRA, MGP, RNASE1

SAM 99.9 CALCA, HBB, SFTPA2, IGFBP3, TNF [44,45,40–42,48–
52]

99 PRKACA, SORT1 CALCA, HBB, SFTPA2, IGFBP3, TNF, PRKACA, SORT1
95 HLA-DRA, POLB, PIGA HLA-DRA, POLB, PIGA

SNR 99.9 CALCA, IGFBP3, HBB, SFTPA2, [48,52,40–
42,44,45,53]

99 IGHG3, MEN1, SORT1 CALCA, HBB, SFTPA2, IGFBP3, IGHG3, MEN1, SORT1
95 HLA-DRA, RPLP0, PIGA, ITGA9, POLB HLA-DRA, POLB, PIGA, RPLP0, ITGA9

NA 99.9 CALCA, IGFBP3, SFTPA2, TNF, HBB [48,52,40–42,49–
51,44,45,53]

99 IGHG3, CEACAM4, MYL6, SORT1, SFTPA1 CALCA, HBB, SFTPA2, IGFBP3, TNF, IGHG3, SFTPA1, SORT1
95 POLB, PIGA MYL6, PIGA, CEACAM4, POLB

BR 99.9 CALCA, IGFBP3, HBB, SFTPA2, TNF [48,40–42,49–
52,44,45,54]

99 IGHM, MYL6, SORT1, MEN1, SFTPA1 CALCA, HBB, SFTPA2, IGFBP3, TNF, MEN1, IGHM, SFTPA1, SORT1
95 SMCIL1, RPLP0 MYL6, RPLP0, SMCIL1

SVM 99.9 PFKP, IGFBP3, IARS, HBB, SFTPA2, TNF [40,43–45,49–54]
99 IGHG3, MEN1, IGHM PFKP, TYMS, IGFBP3, IARS, HBB, SFTPA2, TNF, SORT1, SFTPA1, MEN1, IGHM
95 HLA-DRA, MGP, RNASE1 RPLP0, SMCIL1, SFTPC, HLA-DRA, MGP, RNASE1

GMM 99.9 PFKP, IARS, HBB, SFTPA2, TNF [40–46,49–54]
99 PRKACA, SORT1, MEN1, CALCA, PFKP, TYMS, IGFBP3, IARS, TNF, IGHG3, PRKACA, SORT1, SFTPA1,

MEN1, IGHM
95 RPLP0, SMCIL1, MGP, RNASE1, SFTPC,

HLA-DRA
RPLP0, SMCIL1, SFTPC, HLA-DRA, MGP, RNASE1

HMM 99.9 CALCA, PFKP, TYMS, HLA-B, SFTPA2, TNF [40,43–54]
99 SORT1, MEN1, SFTPA1, IGHM CALCA, PFKP, TYMS, HLA-B, SFTPA2, TNF, IGHG3, SFTPA1, MEN1, IGHM
95 RPLP0, SMCIL1, MGP, RNASE1, SFTPC,

HLA-DRA
RPLP0, SMCIL1, SFTPC, HLA-DRA, MGP, RNASE1
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6.1.2. Using p-values
In our study, the enrichment of each GO category [39] for each

of the genes has been calculated by its p-value. A low p-value
indicates that the genes belonging to the enriched functional
categories are biologically significant. Here only functional cate-
gories with p�valueo5:0� 10�5 were considered. We have made
comparative study, with other methods, viz., SAM, SNR, BR, NA,
SVM, GMM, HMM, CAFS, Entropy-PLR, NBC-MSC, NBC-MMC,
NMSC-MSC, NMSC-MMC, LOOCSFS, GLGS, SFS-LSBOUND and
SFFS-LSBOUND, VarSelRF and SlimPLS in terms of their ability to
identify functionally enriched genes. Tables 2 and 3 show the
number of functionally enriched attributes corresponding to these
methods for different sets of genes. It has been found that for all
the data sets, NFM-1, NFM-2 along with SlimPLS, SVM performed
the best for all the data sets. These results show that the proposed
methodology has been able to select the more important genes
responsible for mediating a disease than the other methods,
except SVM-RFE, L1-SVM, SCAD-SVM, VarselRF, LPPO, SlimPLS,
and SFS-LSBOUND considered here.

Moreover, we made a comparative analysis for those genes
that are least significant, as obtained by NFM-1 and NFM-2 as well
as by the existing methods (Tables 4 and 5). From Tables 4 and 5,
it is quite clear that the set of genes obtained as the least
significant by NFM-1 and NFM-2 generates almost no GO attri-
butes. For other methods, we have still found some GO attributes.
This contradicts the fact that these subsets of genes should
not have the lowest rank. On the other hand, the subsets of genes

of somewhat higher ranks obtained by the existing met-
hods correspond to no GO attributes. From this comparative study,
we can conclude that NFM-1 and NFM-2 are more effective
in identifying more functionally enriched genes than all the other
methods, viz., SAM, SNR, BR, NA, SVM, GMM, HMM, CAFS,
Entropy-PLR, NBC-MSC, NBC-MMC, NMSC-MSC, NMSC-
MMC, LOOCSFS, GLGS, SFS-LSBOUND and SFFS-LSBOUND, Var-
SelRF and SlimPLS. In addition, we have shown that NFM-1 and
NFM-2 are capable of finding out more number of true positive
genes in terms of identifying the GO attributes and cancer
attributes with respect to other existing methods (see Fig. 9). Here
we have identified totally 485 GO attributes of 387 gene set and
among them, we have identified totally 105 cancer related GO
attributes.

6.1.3. Using t- and F-tests
In order to validate the results statistically, we have applied t-

test on the genes identified by NFM-1, NFM-2, SAM, SNR, BR, NA,
SVM, GMM, HMM, CAFS, Entropy-PLR, NBC-MSC, NBC-MMC,
NMSC-MSC, NMSC-MMC, LOOCSFS, GLGS, SFS-LSBOUND and
SFFS-LSBOUND, VarSelRF and SlimPLS on each data set. For human
lung expression data, on applying NFM-1 and NFM-2, we have
identified some important genes like CALCA (4.02), PFKP (5.78),
TYMS (3.98), IGFBP3 (6.98), IARS (5.98), HBB (7.08), HLA-B (5.42),
SFTPA2 (6.89) and TNF (4.23). The number in the bracket indicates
the t-value corresponding to the gene. The t-values of these genes

Table 7
Significant genes for human lung expression data set. The results are validated by t-test and F-test. Some of the results are validated by references. We have termed our
methodology as NFM-1 and NFM-2 depending on the use of NFM-1 and NFM-2 in the second and third steps.

Method Level of
significance (%)

Genes (t-test) Genes (F-test) References

NFM-1 99.9 CALCA, PFKP, TYMS, IGFBP3,IARS,
HBB, HLA-B, SFTPA2,TNF

[40–54]

99 IGHG3,PRKACA, SORT1,SFTPA1,MEN1,
IGHM

CALCA, PFKP, TYMS, IGFBP3,IARS, HBB, HLA-B,
SFTPA2,TNF, IGHG3,PRKACA, SORT1,SFTPA1,MEN1,IGHM

95 RPLP0,SMCIL1,SFTPC, HLA-DRA, MGP,
RNASE1

RPLP0,SMCIL1,SFTPC, HLA-DRA, MGP, RNASE1

NFM-2 99.9 CALCA, PFKP, TYMS, IGFBP3,IARS,
HBB, HLA-B, SFTPA2,TNF

[40–54]

99 IGHG3,PRKACA, SORT1,MEN1,SFTPA1,
IGHM

CALCA, PFKP, TYMS, IGFBP3,IARS, HBB, HLA-B, SFTPA2,TNF,
IGHG3,PRKACA, SORT1,SFTPA1,MEN1,IGHM

95 RPLP0,SMCIL1,MGP, RNASE1,SFTPC,
HLA-DRA

RPLP0,SMCIL1,SFTPC, HLA-DRA, MGP, RNASE1

CAFS and Entropy-PLR 99.9 CALCA, IGFBP3,TNF [52,42,50,51]
99 PRKACA, SORT1 CALCA, IGFBP3,TNF, PRKACA, SORT1
95 HLA-DRA, POLB, PIGA HLA-DRA, POLB, PIGA

NBC-MMC/MSC and
NMSC-MMC/MSC

99.9 CALCA, IGFBP3,TNF [48,52,49,50,53]

99 IGHG3, CEACAM4, MYL6, SORT1,
SFTPA1

CALCA, IGFBP3, TNF, IGHG3, SFTPA1, SORT1

95 POLB, PIGA MYL6, PIGA, CEACAM4, POLB

LOOCSFS and GLGS 99.9 CALCA, PFKP, TYMS, HLA-B, SFTPA2,
TNF

[40,43–45,52–54]

99 SORT1, MEN1 TYMS, HLA-B, SFTPA2, TNF, MEN1, IGHM
95 RPLP0, SFTPC, HLA-DRA RPLP0, SMCIL1, MGP, RNASE1

VarSelRF 99.9 CALCA, IGFBP3, SFTPA2, TNF, HBB [48,52,49,50,53]
99 IGHG3, CEACAM4, MYL6 CALCA, HBB, TNF, IGHG3, SFTPA1, SORT1
95 POLB, PIGA MYL6, PIGA, CEACAM4, POLB

SFS/SFFS-LSBOUND 99.9 CALCA, HBB, SFTPA2 [52,44,42,48,49,51]
99 PRKACA, SORT1 CALCA, HBB, PRKACA, SORT1
95 HLA-DRA, POLB, PIGA HLA-DRA, POLB, PIGA

SlimPLS and LPPO 99.9 CALCA, PFKP, TYMS, IGFBP3, IARS,
HLA-B, TNF

[40,43,46,52–54]

99 IGHG3, PRKACA CALCA, PFKP, TNF, IGHG3, PRKACA, IGHM
95 RPLP0, SMCIL1, SFTPC HLA-DRA, MGP, RNASE1
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exceed the value for P¼0.001. It indicates that these genes are
highly significant (99.9% level of significance). Similarly, genes like
IGHG3 (2.67), PRKACA (2.89), SORT1 (2.76), MEN1 (3.15), SFTPA1
(2.92) and IGHM (3.25) exceed the t-value for P¼0.01. This means
that these genes are significant at the level of 99%. Likewise, RPLP0
(2.12), SMCIL1 (2.07), MGP (2.31), RNASE1 (2.43), SFTPC (2.37) and

HLA-DRA (2.27) genes are important at the level of 95% signifi-
cance. We have performed t-test for the genes identified by other
gene selection algorithms like SAM, SNR, BR, NA, SVM, GMM,
HMM, CAFS, Entropy-PLR, NBC-MSC, NBC-MMC, NMSC-MSC,
NMSC-MMC, LOOCSFS, GLGS, SFS-LSBOUND and SFFS-LSBOUND,
VarSelRF and SlimPLS. But highly significant (99.9% significance

Fig. 5. Comparison among the methods using NCBI database. Here TP, FP and FN indicate the number of true positive, false positive and false negative, respectively.

Fig. 6. Comparison among the methods using NCBI database in terms of sensitivity.
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level) genes like PFKP, TYMS, IARS and HLA-B are not present in
the first 20 selected genes by these methods. This result suggests
that NFM-1 and NFM-2 are able to find more true positive genes
than the existing methods.

Like t-test, we have applied F-test on the genes identified by all the
aforesaid methods. Applying NFM-1 and NFM-2 on human lung
expression data, we have identified some important genes like CALCA
(6.78), PFKP (7.65), TYMS (8.23), IGFBP3 (9.12), IARS (6.89), HBB
(10.56), HLA-B (8.67), SFTPA2 (8.88), and TNF (9.45), IGHG3 (5.67),
PRKACA (5.78), SORT1 (6.09), SFTPA1 (8.74), MEN1 (4.98) and IGHM
(6.78). The number in the bracket indicates the F0:01�value corre-
sponding to the gene. It indicates that these genes are highly
significant (more than 99% level of significance). Similarly, genes like
RPLP0 (3.92), SMCIL1 (3.15), SFTPC (4.09), HLA-DRA (4.42), MGP (3.17)

and RNASE1 (3.76) exceed the F0:05�value. This means that these
genes are significant at the level of 95%. We have performed F-test for
the genes identified by the above gene selection algorithms. It is
observed that some highly significant (more than 99% significance
level) genes are not present in the first 20 selected genes by these
methods. This result suggests that NFM-1 and NFM-2 are able to find
more true positive genes than the existing methods. To validate our
results we have made the comparative analysis in finding out the
significant genes by each method for each data set. Due to the
restriction of the manuscript size we have only mentioned the results
on lung expression data set. The results are shown in Tables 6 and 7. It
is to be noted that NFM-1 and NFM-2 are able to select more
statistically significant genes (based on both t- and F-tests) compared
to the existing methods.

Fig. 7. Performance comparisons of different methods using various types of statistical and biological measurements.
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6.1.4. Using NCBI database
NCBI provides a gene database (http://www.ncbi.nlm.nih.gov/

Database) where the disease mediating gene list corresponding to
a specific disease can be obtained. The list is arranged in terms of
relevance of the gene. We have got different sets of genes for lung
cancer, colon cancer, sarcoma, breast cancer and leukemia. From
each gene list, we can consider the first c genes if a method results
in c genes. The database results in 346, 210, 329, 483 and 124
genes for lung cancer, colon cancer, leukemia, breast cancer and
sarcoma, respectively. For lung expression data (7129 genes), we
have identified 346 genes each using NFM-1 and NFM-2. We have
compared this set of genes with 346 genes from NCBI. Here we
have identified 241 and 232 genes for NFM-1 and NFM-2,
respectively, that are common in both the sets. We call these
genes true positive (TP) genes. Thus, 105 (¼346�241) and 114
(¼346�232) genes for NFM-1 and NFM-2, respectively, are not in
the list of genes obtained from NCBI. We denote these genes as
false positives (FP). Likewise, 105 (¼346�241) and 114
(¼346�232) genes that are in the NCBI list are not in the set of
genes obtained by NFM-1 and NFM-2 are called false negative (FN)
genes. Similarly, we have compared our results with other meth-
ods, viz., SAM, SNR, BR, NA, SVM, GMM, HMM, CAFS, Entropy-PLR,
NBC-MSC, NBC-MMC, NMSC-MSC, NMSC-MMC, LOOCSFS, GLGS,
SFS-LSBOUND and SFFS-LSBOUND, VarSelRF and SlimPLS on lung
expression data set as well as other four data sets. From Fig. 5, it is
clear that SlimPLS produces better result than NFM-1 and NFM-2
for lung expression data. NFM-1 and NFM-2 have produced the
same true positives along with SVM, CAFS, Entropy-PLR, NBC-MSC,
VarselRF, SFS-LSBOUND, SFFS-LSBOUND, and LPPO for lung
expression data set. However, NFM-1 and NFM-2 have performed

the best along with SVM and SlimPLS for colon and leukemia data
sets. Similarly, NFM-1 and NFM-2 have produced a similar perfor-
mance along with SVM, GLGS and SlimPLS for sarcoma expression
data. Lastly, NFM-1 and NFM-2 have performed the best along
with NMC, Slimpls for breast expression data. Thus, NFM-1 and
NFM-2 have produced the best results in terms of true positives,
false positive and false negative, compared to the other existing
methods along with SlimPLS, SVM for all the five data sets.

In order to validate our results further, we have computed
Sensitivity on the gene expression data sets. First, we have
calculated the number of true positives corresponding to each
method for each data set. Sensitivity is computed using the
following equations:

Sensitivity¼ TP
ðTPþFNÞ ð12Þ

As a result, Sensitivity of NFM-1 and NFM-2 is much higher than
that of the other existing methods. Fig. 6, it is clearly observed that
NFM-1 and NFM-2 have performed the best along with L1-SVM,
SCAD-SVM, SVM-RFE, LPPO and SlimPLS for lung expression data set.
Similarly, NFM-1 and NFM-2 have produced a similar performance
along with LPPO and SlimPLS for colon expression data set. However,
NFM-1 and NFM-2 have performed the best along with L1-SVM,
SCAD-SVM, SVM-RFE and SlimPLS. Likewise, NFM-1 and NFM-2 have
produced a similar performance along with SCAD-SVM, SVM-RFE,
GLGS and SlimPLS for sarcoma expression data set. It is to be noted
that L1-SVM has produced the best result for sarcoma data set. Finally,
NFM-1 and NFM-2 have performed the best along with NMC, Slimpls
for breast expression data set. From Fig. 6, we can conclude that NFM-
1 and NFM-2 have performed the best in terms of sensitivity

Fig. 8. Performance comparisons of different methods using various types of statistical and biological measurements.
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compared to SAM, SNR, NA, BR, SVM, GMM, HMM, CAFS, Entropy-PLR,
NBC-MSC, NBC-MMC, NMSC-MSC, NMSC-MMC, LOOCSFS, GLGS, SFS-
LSBOUND and SFFS-LSBOUND, VarSelRF and SlimPLS for all the five
data sets.

6.1.5. Validation based on some earlier investigations
Applying NFM-1 and NFM-2 on human lung expression data,

we have found some important genes like CALCA [40–42], TYMS
[43], IGFBP3 [44,45], HLA-B [46,47], and HBB [48] that have a quite
significant number of enriched attributes, and these genes have
changed their expression level from normal to tumor samples.
Genes like TNF [49–51], IGHG3 [53], SFTPA1 [54,52], and SFTPA2
[52] have changed their expression levels from normal lung
samples to tumor samples quite significantly. Some earlier inves-
tigations also support this fact. Genes like PFKP and IARS have a
quite significant number of enriched attributes, but there is no
information in the literature to our knowledge about these genes.
Applying existing methods on this data set, we have found a set of
important genes (CALCA, IGFBP3, HBB, and SFTPA2) that are also
present in the results of NFM-1 and NFM-2. Thus, we may
conclude that genes like CALCA, IGFBP3, HBB, and SFTPA2 have a
significant role in the development of lung adenocarcinoma. Due
to the restriction of the manuscript size, we have provided only
some of the investigations on lung adenocarcinoma (see Tables 6
and 7). Thus, the methodology developed in this article is able to
select biologically more significant genes than the others. Similar
findings have been obtained for the other data sets too.

Some of these genes like CALCA [40–42] HBB [48], IGFBP3
[44,45], TYMS [43], SFTPA1 [54,52], SFTPA2 [52], TNF [49–51],
IGHG3 [53], and HLA-B [46,47] were already found to be

responsible for lung adenocarcinoma by some earlier investiga-
tions. It is to be mentioned that the proposed methodology has
found two genes PFKP and IARS whose number of functional
attributes is quite significant but there is no information in the
literature to our knowledge about them. This result suggests that
the aforesaid genes may have impact on these diseases. These
genes may be considered for further investigation.

6.1.6. Validation through expression profile plots
Here we consider some genes that are among the most

significant top genes of our results. The expression values of these
genes have changed significantly from normal samples to diseased
samples. Applying the proposed methodology on human lung
expression data, we report that genes like IGFBP3, PFKP, IARS, and
TYMS, among the top 10 most important genes, have been over
expressed in tumor samples. On the other hand, the expression
value of gene HBB has reduced quite significantly in tumor
samples. This gene is identified as an under expressed gene. In
order to restrict the size for the manuscript, we have provided
only the expression profile plots of some important genes in lung
adenocarcinoma (Fig. 10). In the case of human colon expression
profile, the genes like calcitonin (CALCA), colon carcinoma kinase-
4 (CCK4), isoleucyl-tRNA synthetase (IARS), thymidylate syntase
(TYMS), hemoglobin beta chain (HBB), tumor necrosis factor
receptor (TNF), and insulin-like growth factor binding protein 6
(IGFBP6) have changed their expression values from normal colon
samples to tumor ones. Among these genes, HBB, TNF, and IGFBP6
are down regulated. On the other hand, CALCA, CCK4, IARS, and
TYMS have been identified as up regulated genes.

Fig. 9. Performance comparisons of NFM-1 and NFM-2 with other existing methods in terms of identification of GO attributes and Cancer attributes.
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For human breast cell expression profile, we have observed
that genes like BCAN, GDI2, ERBB2, and NARS (among the ten
most important genes obtained by NFM-1 and NFM-2) change their
expression levels quite significantly from normal breast mammary
epithelial cell samples to breast cancer ones. The expression value of
the gene BCAN has been increased in breast cancer cell lines whereas
the expression values of genes GDI2 and NARS have been decreased
drastically in breast cancer cell lines.

Similarly, for human soft tissue sarcoma expression data, genes like
BRCA1, TYMS, IARS, and HBB have changed their expression values
from normal tissue to sarcoma tissue. The expression value of the gene
HBB drastically decreases in diseased sarcoma samples, whereas that
of BRCA1, TYMS, and IARS increase in diseased samples. For human
lymphocytes and plasma cell expression data, we report that expres-
sion values of the genes like BAX, CALCA, ATP6V0B, and NARS have
changed significantly from normal B lymphocytes and plasma cells to
macroglobulinemia, chronic lymphocytic leukemia, and multiple mye-
loma samples. It is to be mentioned that genes like BAX, NARS, and
ATP6V0B have been over expressed in diseased samples, whereas the
gene CALCA is under expressed.

6.1.7. Validation through some recent statistical analysis
To enrich our study, we have implemented various types of

biological and statistical parameters like pi-GSEA, Fisher-score, KOGS,
SPEC, W-test, and BWS for performance comparisons. The aforesaid
methods have mostly been used and implemented in some recent
investigations. This study will tell us the trueness of the gene set

identified by NFM-1 and NFM-2 from biological and statistical points
of view. For the comparison, we have taken top ranked 100 genes and
then found out the true positives for eachmethods for all the data sets.

In gene set enrichment analysis (GSEA), a score that can combine
fold change and p-value together is needed for better gene ranking
[24]. In a gene functional study of cancer profiles, we are trying to
validate the result using π-value based GESA. In human lung expres-
sion, leukemia and breast cancer data sets, it is clearly observed that
NFM-1 and NFM-2 have performed the best with respect to all the
other 22 methods to identify the top ranked biological and statistical
relevant genes. For human colon expression data, NFM-1 and NFM-2
have performed best along with SlimPLS with respect to other existing
methods. Likewise, NFM-1 and NFM-2 have performed best along
with SFS-LSBOUND with respect to other existing methods for human
sarcoma data set (Figs. 7 and 8).

We have implemented a generalized Fisher score [25] to
validate the results of gene selection algorithms. NFM-1 and
NFM-2 are the best to identify the top ranked biologically and
statistically relevant genes under Fisher Score.

SPEC (spectral feature selection) is a general framework for
feature selection [27]. It can generate a range of spectral feature
selection algorithms for both unsupervised and supervised learn-
ing. NFM-1 and NFM-2 are the best to identify the top ranked
biologically and statistically relevant genes under SPEC for all the
data sets (Figs. 7 and 8).

Knowledge-oriented gene selection (KOGS) has been developed
for systematically integrating different types of knowledge to

Fig. 10. Expression profiles of some over-expressed (IGFBP3, PFKP, IARS, and TYMS) and under-expressed (HBB) genes in normal samples represented by light line and tumor
samples represented by bold line of human lung expression data with 10 normal and 86 disease samples.
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achieve the ranking of biologically enriched genes [26]. KOGS
integrates different types of knowledge such as the KEGG pathway
repository and Gene Ontology database that could provide more
information about genes and samples. The approach converts
different types of external knowledge to its internal knowledge,
which can be used to rank genes. Upon obtaining the ranking lists,
it aggregates them via a probabilistic model and generates a final
list. Under KOGS, NFM-1 and NFM-2 are the best with respect to
other methods for all the gene expression data sets (Figs. 7 and 8).

The Wilcoxon rank sum non-parametric test (W test) is applic-
able when data coming from two independent samples can be
converted to ordinal ranks [28,30]. Despite the fact that this
conversion causes some loss of information, this method has the
strength that does not make any assumption about the probability
distribution from which the samples are taken. Under W-test,
NFM-1 and NFM-2 are the best with respect to other methods for
all the gene expression data sets to identify the biologically and
statistically relevant genes (Figs. 7 and 8).

Baumgartner–Wei–Schindler non-parametric test (BWS test)
makes the same assumptions about the samples as W test does [29].
However, it has probed to be less conservative and to yield better
results. Neuhauser and Senske successfully applied this test for the
detection of differentially expressed genes [30,31]. Under BWS-test, it
is also observed that NFM-1 and NFM-2 are the best with respect to
other methods for all the gene expression data sets to identify the
biologically and statistically relevant genes (Figs. 7 and 8).

Thus, from Figs. 7 and 8, it is clearly observed that NFM-1 and
NFM-2 have been generated more true positives with respect to all
the existing methods for all the tests. Thus, we can say that NFM-1
and NFM-2 are able to identify the more biologically relevant and
statically significant cancer mediating gene set from a gene
expression data set.

7. Conclusions

In this article, we have provided a methodology, based on neuro-
fuzzy models [5–7], for selection of genes whose over/under expres-
sion may cause diseases in general and various types of cancers in
particular. The methodology, first of all, finds various groups of genes
based on correlation values. This is followed by determining the most
important group using two neuro-fuzzy systems, NFM-1 and NFM-2.
The genes in this group have been evaluated further using NFM-1 and
NFM-2. This results in important genes that may have a role in
mediating the development of a particular cancer. The effectiveness of
the methodology has been demonstrated on various gene expression
data sets related various cancers where each gene is treated as a
feature. The most important genes obtained by the methodology have
also been verified using their p-values [39]. The superior performance
of the methodology compared to some existing ones has been shown.
The results have been verified using biochemical pathways, t-test, F-
test, sensitivity and some existing results, expression profile plots and
some biological and statistical measurements like pi-GSEA, Fisher-
score, KOGS, SPEC, W-test, and BWS. It has been found that the
methodology provided here has performed the best in identifying
important genes in mediating various cancers than the other existing
methods considered here.

Appendix A. Supplementary material

Supplementary data associated with this article can be found in
the online version at http://dx.doi.org/10.1016/j.neucom.2013.11.
023.
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