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Abstract. In this article, we describe neuro-fuzzy models under super-
vised and unsupervised learning for selecting a few possible genes medi-
ating a disease. The methodology involves grouping of genes based on
correlation coefficient using microarray gene expression patterns. The
most important group is selected using existing neuro-fuzzy systems
[1I2J3)4)5]. Finally, a few possible genes are selected from the most impor-
tant group using the aforesaid neuro-fuzzy systems. The effectiveness of
the methodology has been demonstrated on lung cancer gene expression
data sets. The superiority of the methodology has been established with
four existing gene selection methods like SAM, SNR, NA and BR. The
enrichment of each gene ontology category of the resulting genes was cal-
culated by its P-value. The genes output the low P-value, and indicate
that they are biologically significant. According to the methodology, we
have found more true positive genes than the other existing algorithms.

1 Introduction

Gene selection refers to the task of selecting some informative genes. The goal
of gene selection algorithms is to filter out a small set of informative genes that
best explains experimental variations. It is much cheaper to focus on a small
number of informative genes, from the whole genome, that can differentially
express in various diseases. Therefore, using effective gene selection methods,
a small list of highly informative genes can be discovered from whole gene set
[6], which have direct/indirect role in causing diseases. Thus, these genes can be
utilized to construct the classifier for discriminating disease patterns. From data
mining point of view, the task of gene selection can be viewed as that of feature
selection that is widely used in data preprocessing stage [7I8]. However, gene
selection, unlike feature selection in the area of machine learning literature, is
characterized by the great difference between a huge number of genes and very
small number of samples.

Several attempts have been made during the past several years for develop-
ing methodologies or using feature selection algorithms that select informative
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genes from microarray gene expression data. These genes improve the efficiency
of the system in terms of disease prediction accuracy. The attempts include Noise
sampling method [9], Bayesian regularization model (BR) [I0/IT], Significance
Analysis of Microarray (SAM) [12], Signal-to-Noise Ratio (SNR) [I3], Neighbor-
hood analysis (NA) [9]. Most of the above methods are claimed to be capable of
extracting a set of highly informative genes [6].

The present article is an attempt in this regard and provides neuro-fuzzy
methodology for gene selection. The methodology involves grouping of genes
using correlation coefficient, followed by selecting the most important group
using the neuro-fuzzy models. Then the most informative genes are selected
using neuro-fuzzy methods again. It is to be mentioned here that neuro-fuzzy
methods have been developed in [TJ2J3/415] for the purposed of feature selection.
Neuro-fuzzy methodologies are applicable in data rich environment, i.e., if the
number of samples is quite large compared to the number of features. However,
in the present problem, the number of microarray measurements (samples) is
quite low compared to the number of genes (features). In order to tackle this
situation, we have proposed a way of generating more data so that neuro-fuzzy
systems can be effectively used.

Incorporation of fuzzy set theory enables one to deal with uncertainties in dif-
ferent tasks of a pattern recognition system, arising from deficiency (e.g., vague-
ness,incompleteness, etc.) in information, in an efficient manner. Artificial Neural
Networks, having the capability of fault tolerance, adaptivity, and generalization,
and scope for massive parallelism, are widely used in dealing with learning and
optimization tasks. In the area of pattern recognition, neuro-fuzzy approaches
have been attempted mostly for designing classification/clustering/feature se-
lection or extraction methodologies; the problem of gene selection has not been
addressed.

The effectiveness of the proposed methodology, along with its superior per-
formance over several of other methods, is demonstrated using one microarray
gene expression data set dealing with human lung. The performance comparison
is made using t-test and P-value (in terms of the number of enriched attributes).

2 Methodology

Here we describe the proposed methodology for gene selection. The task of gene
selection has been considered as the task of feature selection in pattern recogni-
tion literature. Since the number of genes is very large compared to the number
of measurements (samples), we have grouped the genes based on the correla-
tion coefficient. Then the groups are evaluated using neuro-fuzzy systems under
supervised (NFS) [2I8/4)5] and unsupervised (NFU) [1I3/45] learning, and the
most important group is selected. Finally, important genes are selected from the
most important group using NFS and NFU. For details of NFS and NFU, one
may refer to [TU2I3145].

Let us consider a set X = (x1,X2,...,Xy) of n genes for each of which p
expression values in normal samples and g expression values in diseased samples
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are given. We now compute the correlation coefficient among these genes based
on their expression values in normal samples. Thus the correlation coefficient r;;
between ith and jth genes is given by

rii = ZZ:I(mik - ml) X (:I;jk: - mj) (1)
T (S (i, = ma)?) Y2 (07 (g, — my) )2

Here m; and m; are the mean of expression values of ith and jth genes, re-
spectively, over normal samples. The term z;, denotes kth expression value of
ith gene. The correlation coefficient assumes values in the interval [—1,1]. When
ri; = —1 (+1), there is a strong negative (positive) correlation between ith and
jth genes. Genes with high positive correlation are placed into the same group.
The main idea of grouping is as follows. If a gene is strongly correlated with
another gene, then the expression value of one of them is linearly dependent on
that of the other. In that case, we may consider one of them as a representative
gene and ignore the other.

We now find out the groups of genes in such a way that the genes in the
same groups are strongly correlated. In order to do this, we have computed r;;
(Equation (1)) for each pair of genes. If ;; > 0.75, then we place these genes in
the same group. In this way, the first group of genes is created. Then we continue
in the same way on the remaining genes, and the second group is created. We
proceed in this way till all the genes are placed in one of the groups. Note that
some singleton groups may also be formed by this process. Thus we have a
few groups containing the genes. This process reduces the number of genes and
hence reduces the curse of dimensionality. It is to be mentioned here that one
may choose other high value (< 1) instead of 0.75 as the threshold.

We now use NFS or NFU [1I2I8[45], in the next step, for selecting the most
important group. Since the number of measurements (samples) 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 proceed as follows.

After grouping, let us assume that we have K groups, viz., G1,Go,...,Gg, .. .,
Gg such that |G| = ng,Vk. Let us also assume that a member of Gy is
represented by gx = [gk1,9k2,- .-, Gkl,--->Gkp). such that and g, = x;, for
some value of j. Then we choose one gene for each group and form a vector
v = [v1,v2,...,Vk,...,vx]T, where vy = gi;, Ith sample value. That is, the com-
ponents of vector v is the [th normal sample value of K genes that are drawn
from each group Gg. Similarly, other vs 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 from normal samples v so
that the numbers of such vectors in S is

K
s:\S|:p><an (2)
k=1
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Similarly, another set S’ of vectors v’ is created from the diseased samples
such that

K
s’:|S’|:q><an (3)
k=1

Now we have two sets, S and S’ of vectors v and v’ respectively. For NFS, we
consider that normal and diseased samples form two classes, viz., normal and
diseased. We take the number of input nodes as K, and the other nodes along
which the architecture of the system is decided automatically [2I814l5]. In the
case of NFU, the number of input nodes is 2K, and the other nodes along which
its architecture is decided automatically [IJ3/4/5]. The first K nodes receive the
vectors v as their inputs and second K nodes receive v/. Thus the number of
such presentations is s x §’. After learning in both the systems, we get weight
values representing importance of each group. Thus the most important group
is selected for which the weight value is the highest.

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 N (N <<
n), the numbers of input nodes in NFS and NFU are N and 2N, respectively.
The remaining parts of the architecture of both the systems are determined
automatically. As in the case of selection of groups, the number of classes for
NFS is 2. For NFU, the first N input nodes receive expression values of genes
(in the most important group) of normal samples and the next N nodes receive
that of diseased samples. Thus the number of presentations in NFU is p X q.
After learning, we get weight values corresponding to each gene representing
its importance. Then we select a few important genes based on the connection
weights of NFS or NFU.

3 Results

In this section, the effectiveness of the proposed methodology is demonstrated
on human lung expression data [I4]. A comparative analysis with SAM, SNR,
BR, NA is also included.

We have found 6 groups, containing 1659, 1247, 1290, 741, 666, and 1526
genes respectively. The group containing 1659 genes has been selected as the most
important group by both NFS and NFU. Applying NFS and NFU, we have found
30 and 32 genes respectively. Among these genes, we have found 22 genes that
are present in both the results. Finally, we have selected 20 most important genes
based on the connection weights of NFS and NFU. These selected genes are then
evaluated for their role in causing lung cancer through computing the number
of functional enrichments. We have performed t-test for the genes identified
by other gene selection algorithms like SAM, SNR, NA and BR. But highly
significant (99.9% significance level) genes like PFKP, TYMS, TARS, and HLA-
B are not present in the first twenty selected genes by these methods. This
result suggests that NF'S and NFU are able to find more significant genes than
the existing methods.
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Table 1. Comparative results on number of attributes of various sets of genes

No. of Attributes
Dataset Gene set NFS NFU SAM SNR NA BR
Lung First 5 62 80 14 21 26 27
expression First 10 75 76 13 9 15 21
Data First 15 80 82 30 14 16 16
First 20 82 75 28 13 15 16

In order to validate the results statistically, we have applied t-test on the
genes identified by NFS, NFU, SAM, SNR, NA and BR. Here 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 t-value corresponding to the gene. The t-
value of these set of genes exceeds the value for p = 0.001. It indicates that these
set of 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) exceeds the t-value for p = 0.01. This means that these
genes are significant at the level of 99%. Likewise, RPLPO (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% significance.

In our study, the enrichment of each GO category [I5] for each of the genes has
been calculated by its P-value. A low P-value indicates that the genes belong-
ing to the enriched functional categories are biologically significant. Here only
functional categories with P —value < 5.0 x 10~ are considered. We have made
comparative study, with other methods, viz., SAM, SNR, NA, BR in terms of
their ability to identify functionally enriched genes. Table[Il shows the number of
functionally enriched attributes corresponding to these methods for different sets
of genes. It is found that NFS and NFU performed the best. These results show
that the proposed methodology has been able to select more important genes
responsible for mediating a disease than the other methods considered here.

4 Conclusions

In this article, we have provided a methodology based on neuro-fuzzy models
for the selection of genes whose over/under expression may cause diseases. The
methodology, first of all, finds various groups of genes based on correlation val-
ues. This is followed by determining the most important group. The genes in this
groups are evaluated using NFS and NFU. This results in important genes is me-
diating development of a particular disease. The effectiveness of the methodology
is demonstrated on various gene expression data sets where each gene is treated
as a feature. The most important genes obtained by the methodology are also
verified using their P-values [I5]. The superior performance of the methodology
compared to some existing ones have been shown. The results are verified using
t-test, some existing results.
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