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ABSTRACT
In this article, the dependencies among the genes have been
identified from microarray gene expression data. Here we
propose a methodology for identifying the dependencies among
the genes that have deviated quite significantly from nor-
mal stage to diseased stage with respect to their expression
patterns. This idea leads to predict the disease mediating
genes along with their deviated dependencies. The proposed
methodology involves measuring information content of indi-
vidual genes using fuzzy entropy, conditional fuzzy entropy
of a gene on another, dependencies of a pair of genes in
both normal and diseased states, and finally identifying the
dependencies being deviated from normal to carcinogenic
state. The deviated dependencies among the genes have
been represented using a network, called gene prediction net-
work (GPN), in which each node represents a gene and a
directed edge signifies deviated dependency between a pair
of nodes (genes).

The methodology has been demonstrated on two gene
expression data sets dealing with human lung cancer and
breast cancer. The results are appropriately validated by
earlier investigations in terms of gene regulation. We have
also used some statistical techniques like t-test, accuracy in
terms of sensitivity and specificity to validate the results.
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1. INTRODUCTION
Transcriptional regulatory networks are crucial in the un-

derstanding of fundamental cellular processes and functions.
The determination of factors that control expression level
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can offer further insight into the miss regulated expression
that is common in many human diseases [19, 9]. There ex-
ist many investigations on identifying transcription factors
including those through sequence similarity [13, 20], motif
binding [14, 8, 4, 5] and through the dynamics of gene ex-
pression patterns [16, 18].

Using microarray data, reverse engineering of gene regu-
latory networks is one of the essential roles in elucidating
transcriptional systems. Various statistical approaches have
been developed to capture gene regulations using dynamic
Bayesian networks [7, 11], vector autoregressive models [3],
and state space models [6, 21] based on statistical causal-
ity, among others. Traditional approaches include formu-
lation of a set of coupled differential equations and their
solutions, with the objective to obtain a deeper understand-
ing of the exact nature of the regulatory circuits and their
regulation mechanisms [17]. Various alternative methods,
like relevance networks [2] and graphical Gaussian models
[15] have been proposed and applied to the inference of gene
regulatory networks from gene expression data. Thus many
investigations are there for predicting gene regulatory net-
works. But we could not find any investigations on the de-
pendencies among the genes, in terms of regulation, which
have changed from normal to diseased state.

In the present article, we concentrate on dependencies
among the genes obtained from microarray gene expression
patterns. Here we develop a methodology for identifying the
dependencies among the genes, which have changed from
normal to diseased state. In this way, we can predict disease
mediating genes along with their altered dependencies. The
methodology involves measuring information content of indi-
vidual genes using fuzzy entropy, conditional fuzzy entropy
of a gene on another, dependencies of a pair of genes in both
normal and diseased states, and finally identifying the de-
pendencies that have altered from normal to diseased state.
These deviated dependencies have been shown using a net-
work in which nodes representing genes and directed edges
representing deviated dependencies between pairs of nodes.
We call this network as Gene Prediction Network (GPN).
The effectiveness of the methodology has been demonstrated
on two gene expression data dealing with human lung can-
cer, breast cancer. The results have been validated with
some existing investigations as well as some statistical pa-
rameters.
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2. METHODS
Here, we formulate the methodology for developing a gene

prediction network based on the gene expression patterns of
normal and diseased samples. First of all, two gene depen-
dency matrices (GDMs) are formed for gene expression pro-
files of normal and diseased samples respectively. Based on
these two matrices, a prediction network is created involving
the genes, where dependency has been changed from nor-
mal to diseased state. This prediction network provides an
idea on the genes along with their dependencies for mediat-
ing carcinogenic development. In other words, the network
may predict the responsible genes and their altered behav-
ior. Then we find out some possible genes mediating the
development of cancer. We have used fuzzy set theoretic
entropy to determine the gene dependency matrices. Using
these matrices, we build the gene prediction network.

The term gene dependency may be defined as follows. Let
us consider two genes gi and gj . If the change in expression
level of gene gj causes the change in expression level of gene
gi, then we say that gene gi depends on gene gj . In other
words, gene gj regulates the expression level of gene gi. Thus
we have an n × n matrix GDM corresponding to the gene
dependencies involving n genes. The (i, j)th entry of GDM
represents the degree of dependency of gi on gj . In this
way, GDMs are formed for normal samples as well as for
diseased samples. In diseased state, this dependency may
change from normal ones. From these two gene dependency
matrices, we may have an idea of a gene regulatory network
depicting transcriptional regulation for normal and diseased
states.

The methodology involves five steps. In Step 1, the in-
formation content of a gene is computed using the notion
of fuzzy entropy from gene expression data set. The condi-
tional entropy of a pair of genes is computed in Step 2. In
Step 3, the information gain is computed pairwise and also
generates the gene dependency matrix using the concept of
symmetrical uncertainty. The values of the gene dependency
matrix are quantized, in Step 4, using a threshold. Finally,
in Step 5, the gene prediction matrix and the corresponding
network are generated.

2.1 Step 1 – Measuring information content
(entropy) of a gene

Let us consider an expression data for a set of these n
genes X = {x1,x2, . . . ,xn}, for each of which m expression
values are given. Let G be the set of n genes {g1, g2, . . . , gn}.
For each gene gi, there is an m-dimensional vector xi, where
xil is the l-th expression value of gi. Let us also consider
a set of m microarray experiments (measurements) Y =
{e1, e2, . . . , em}. For each experiment, we have n expression
values corresponding to n genes in G.

Here we consider a fuzzy set around a gene gi and the
membership function Ugi(l) signifies the degree of belong-
ingness of the lth expression value of gene gi to this fuzzy
set. In other words, Ugi(l) represents the extent by which
gi is expressed in lth sample. Then we compute the entropy
(uncertainty) associated with this fuzzy set, i.e., associated
with gene gi, as

H(gi) =

m∑

l=1

Ugi(l)(1− Ugi(l)) (1)

Here the membership function Ugi(l) ∈ [0, 1] is defined as

Ugi(l) = exp(−|xil − x̄i|) (2)

where x̄i is given by

x̄i = 1/m

m∑

l=1

xil (3)

2.2 Step 2 – Measuring conditional entropy of
a gene on another

In the previous step, we have calculated the uncertainty
associated with each gene, i.e., information content of an
individual gene. Now the entropy associated with gene gi

given that gene gj has attained some expression value, is
defined as

H(gi|gj) =

m∑

l=1

Ugj (l)

m∑

l′=1

Ugi|gj
(l′)(1− Ugi|gj

(l′))

(4)
where Ugi|gj

(l) ∈ [0, 1] is defined as

Ugi|gj
(l) = exp(−||sij(l)− s̄ij ||)/ exp(−|xjl − x̄j |)

(5)
Here sij(l) = [xil, xjl]

T and s̄ij = [x̄i, x̄j ]
T . That is, we are

writing Ugi|gj
(l) as Ugigj (l)/Ugj (l), where Ugigj (l) is a two

dimensional membership function of the fuzzy set formed by
genes gi and gj together.

2.3 Step 3 – Measuring information gain and
building gene dependency matrix

The entropy H(gi) of the gene gi has two parts. The part
H(gi|gj) represents the entropy of gene gi given that gene
gj has attained some expression value. The remaining part
represents the information gain of gene gi provided by gene
gj , and is defined as [12],

IG(gi|gj) = H(gi)−H(gi|gj) (6)

The amount by which the entropy of gi decreases reflects
additional information about gi provided by gj and is called
information gain. According to this measure, a gene gj

is regarded as more correlated to gene gi than gene gk, if
IG(gi|gj) > IG(gk|gj). Information gain may be biased to-
wards the genes with more expression values. We normalize
IG-values to get Normalized IG-values or NIG-values as
[12],

NIG(gi, gj) = 2× |IG(gi|gj)|/(H(gi) + H(gj)) (7)

NIG(gi, gj) signifies the strength of dependency, i.e., to
what extent the expression of gene gi depends on the expres-
sion value of gj . NIG(gi, gj) = 1 indicates that knowledge
of the expression level of either one completely predicts that
of the other, and NIG(gi, gj) = 0 indicating that gi and gj

are independent. With these NIG-values, we get the gene
dependency matrix GDM of order n × n and with (i, j)th
element as NIG(gi, gj).

2.4 Step 4 – Quantizing the elements of gene
dependency matrix

All entries of GDM are in [0, 1] and provide the degrees of
dependency. Here we introduce three types of dependencies
(i.e., low, medium, high) between a pair of genes. To repre-
sent each type, we have to fix a threshold value to generate
the quantized gene dependency matrix D = [dij ]n×n.
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The domain of the matrix elements is divided into three
partitions: [0,α] as the first partition, (α,β] as the second
one, and (β,1] as the third partition. In this case, α and
β are treated as user defined thresholds. Now dij values,
where i 6= j, are defined as

dij = 0.0 if 0 ≤ NIG(gi, gj) ≤ α
= 0.5 if α < NIG(gi, gj) ≤ β
= 1.0, if β < NIG(gi, gj) ≤ 1,

(8)

and dii = 1, for all i. Thus the quantized gene dependency
matrix is formed with the values 0.0, 0.5 and 1.0. Note
that, dij = 1.0 means gene gi is highly dependent on gene
gj . dij = 0 signifies that the dependency of gi on gj is low,
and dij = 0.5 implies that this dependency is medium.

2.5 Step 5 – Building gene prediction network
In the previous step, we have defined gene dependency

matrix D. This matrix is computed for control (normal)
samples as well as for test (diseased) samples. We denote

the gene dependency matrix by D(N) for normal samples,
and by D(D) for diseased samples.

Using these two matrices, we generate a matrix P =
D(N) − D(D) of order n × n. The matrix P = [pij ]n×n

consists of the values of 0.0, -1.0, 1.0, -0.5 and 0.5. The sig-
nificance of these values are discussed below.
pij = 0.0: In this case, d

(N)
ij = d

(D)
ij . That is, the diseased

state does not affect the dependency of gene gi on gene gj .

pij = −1.0: In this case, d
(N)
ij = 0.0 and d

(D)
ij = 1.0. It indi-

cates that two genes gi and gj of low dependency in normal
state become highly dependent in the diseased state.

pij = 1.0: That is, d
(N)
ij = 1.0 and d

(D)
ij = 0.0 indicates that

two highly dependent genes gi and gj in normal state be-
come independent in diseased state.
pij = 0.5 (−0.5): In this case, dependency of gi on gj in
diseased condition is partially lost (gained).

From these pij values, we have created a gene prediction
network (GPN) containing n nodes (for n genes) where pij

represents the weight of the link connecting between two
nodes depicting ith and jth genes respectively. In case of
pij = 0.0, there is no edge between ith and jth gene in the
gene prediction network. When dependency between ith
and jth gene highly lost (i.e., pij = −1.0) in diseased state
then there is a dotted edge directed from ith gene to jth
gene in GPN . Similarly, a continuous edge directed from
ith gene to jth gene will be placed in GPN , when pij = 1.0
(i.e., dependency between ith and jth gene in diseased state
is highly gained). We didn’t consider any representation
in GPN for pij = 0.5 (−0.5). In this way, we have built
the gene prediction network (GPN) from gene dependency
matrix.

3. RESULTS AND DISCUSSION
In this section, the effectiveness of the methodology is

demonstrated on two cancer gene expression data sets. Here
we have considered α = 0.3 and β = 0.6 for all the data sets
for both normal and cancer samples. This is followed by
validation of the results.

3.1 Analysis of the results
Lung expression data [1] contains 10 normal samples and

86 tumor samples for expression values of 7129 genes. We
have applied the methodology to this data set. It has been

found that 187 (162) genes have lost (gained) their depen-
dencies from normal samples to tumor samples; 275 (303)
genes have lost (gained) their dependencies partially. Simi-
larly for human breast expression data set (expression levels
of 22645 genes for 2 normal breast epithelial cells and 4
samples for breast cancer cells) [10], 356 (371) genes have
been found to loose (gain) their dependencies from normal
to cancer cells; 510 (419) genes have lost (gained) their de-
pendencies partially.

In order to restrict the size of the article, we have included
only one figure (Figure 1) for the lung expression data set.
Now we consider gene expression profiles of cancer samples
in different stages. For lung carcinoma data, we have ap-
plied the methodology on various diseased states of human
lung adenocarcinoma (86 tumor samples including 67 stage
I tumor samples and 19 stage III tumor samples). In this
case, 32 (41) genes have lost (gained) their dependencies
from stage I tumor samples to stage III tumor samples. It
has also been noted that 55 (48) genes have lost (gained)
their dependencies from stage I to stage III partially.

3.2 Statistical validation
As already mentioned earlier, we have developed a method-

ology to establish the concept of gene dependency from gene
expression data sets. This concept leads to develop a gene
prediction network (GPN) that shows the altered depen-
dencies among a set of genes from normal to carcinogenic
samples. Unfortunately, we didn’t get any information in
literature to validate our results obtained from GPN . In
this section, we try to validate the results in a different way.
From GPN , we find out the set of influential genes. Here
the term influential genes is defined as the genes that are
involved in at least one altered dependency in GPN .

We apply t-test on the set of influential genes. Here we
report three sets of genes with the levels of significance as
99.9%, 99% and 95%. For lung expression data, we have
identified 263 influential genes (Table 1). Out of them 63%
(167 out of 263) influential genes result in 99.9% level of
significance, and 82% (218 out of 263) and 95% (251 out of
263) correspond to 99% and 95% levels of significance. Simi-
larly, these figures for human breast expression data are 62%
(99.9% level of significance), 70% (99% level of significance)
and 80% (95% level of significance). All these results indi-
cate that these influential genes have changed their expres-
sion level from normal state to diseased state quite signifi-
cantly. Thus we can say that these genes have a significant
role in mediating the disease.

Based on the aforesaid influential genes, we now try to
validate the results in another way. For lung expression
data (7129 genes), we have found that 241 (out of 263)
influential genes are supported by some earlier investiga-
tions (http://www.ncbi.nlm.nih.gov/Database) in terms of
disease mediation. Here we denote these 241 influential
genes as a true positive (TP ) results. However, we didn’t
get any information in literature for remaining 22 influential
genes. We denote these genes as a false positive (FP ). Sim-
ilarly, we have got 51 other genes in literature supported by
some earlier investigations, which are totally absent in our
result. We identify these set of genes as false negative (FN)
genes. Lastly, we have found 6815 (= 7129−(241+22+51))
genes as true negative (TN), which are neither present in
our result nor supported by literature in web. Based on
these parameters, we compute the specificity (= TN

TN+FP
),
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Table 1: Statistical validation using t-test
Datasets (total number of Number of genes with
influential genes) the level of significance

99.9% 99% 95%
lung (263) 167 218 251
breast (403) 252 286 326

sensitivity (= TP
TP+FN

), precision (= TP
TP+FP

) and accuracy

(= TP+TN
TP+FP+TN+FN

).
From these data, we have got high sensitivity for all the

data sets (Table 2) that measures the ability of the method-
ology to correctly identify the presence of the disease medi-
ating genes. Specificity of 99% for all the data sets signifies
the fact that the method correctly identifies the set of genes
which are not responsible for the disease. A test with high
specificity refers to a few false positives (FP ). Precision
measures the ability of the method to correctly identify the
set of true positive (TP ) genes from the influential gene set.
High precision indicates that the method results is a very
few false positive (FP ) genes. Lastly, about 99% accuracy
for all the data sets signifies that the method is capable of
finding out the less number of false positive (FP ) and false
negative (FN) genes.

3.3 Validation of the results in terms of gene
regulation

The present method finds some genes along with the de-
pendencies among them, which have changed from normal
to carcinogenic samples. We could not find any article in
literature, which deals with similar investigation. That is
why, we have tried to validate our results based on gene
regulation.

For lung expression dataset, gene like HBB have shown
stronger dependency on HBA1 in carcinogenic state. It
is also noticed that genes like TP53, IGF1, IGFBP1 have
strong influence in regulating gene IGFBP3 in cancer state
whereas there is no dependency among them in normal state.
In other words, TP53, IGF1, IGFBP1, IGF1R may regulate
the expression value of IGFBP3 in tumor samples. It has
been found that gene TP53 also regulates TNF, and gene
TNF regulates genes TP53, HLA-B and PTEN in lung ade-
nocarcinoma samples. In this way, we have identified a set
of genes that have shown their strong dependencies in can-
cer state of lung expression data. Likewise, genes KRAS,
EGFR, VEGFA regulate the gene TNF in normal state,
whereas in carcinogenic state the expression levels of these
genes may be almost independent of the expression level of
TNF.

Regarding human breast expression data, we have identi-
fied the gene BRCA1 that has shown strong association in
terms of dependency on genes like PTEN, TP53 in malignant
tumor state. But in normal state, there is no dependency
among them. Similarly, genes like STAT3 and CDKN2A
have strong influence in regulating the gene BRCA1 in nor-
mal state. In other words, STAT3 and CDKN2A may regu-
late the expression of BRCA1 in normal state. On the other
hand, NPM1 has shown strong dependency on gene BRCA1
in normal state. Gene KRAS has shown strong dependency
on genes like TP53, PTEN in cancer state, whereas in nor-
mal state CDKN2A, BCL2, ERBB2, BRAF have strong in-
fluence on gene KRAS. It has been found that genes like

Figure 1: Gene Prediction Network (GPN) for lung
expression data. Continuous (dashed) arrow indi-
cates that dependencies between genes in carcino-
genic samples have gained (lost). Here we consider
pij = 1 or −1 only

HNF1A, HNF4A, CREBBP have strong influence in regu-
lating the gene H3F3A in normal state, whereas in diseased
state there is no such dependency. But there is no informa-
tion in literature to our knowledge about these genes. This
result suggests that the aforesaid genes may have impact on
human breast cancer.

4. CONCLUSION
In this article, we have developed a methodology that

shows how the dependencies among the genes have changed
from normal state to diseased state. The algorithm has iden-
tified the dependencies among the genes, which have altered
quite significantly from normal state to diseased state. The
methodology involves measuring information content of in-
dividual genes using fuzzy entropy, dependencies of a pair of
genes in both normal and diseased states using conditional
fuzzy entropy. Finally, the dependencies that have altered
from normal to carcinogenic state have been identified. The
altered dependencies among the genes have been represented
using network, called gene prediction network (GPN), in
which each node represents a gene and a directed edge sig-
nifies altered dependency between a pair of nodes (genes).

In this way, we have identified the responsible genes as well
as the altered dependencies among them. We have applied
the algorithm on two cancer data sets (lung and breast).
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Table 2: Statistical validation using some other parameters
Datasets (no
of influential
genes)

TP FP FN TN Specificity Sensitivity Precision Accuracy

lung (263) 241 22 51 6815 0.99 0.82 0.91 0.98
breast (403) 352 51 59 22183 0.99 0.85 0.87 0.99

As a result, we have identified the gene prediction network
for each of the data sets. We could not find any article
in literature, which deals with similar investigation. So we
have tried to validate our results based on gene regulation.
In this context, we have used two statistical techniques to
validate the results. From all the results, we have found
that the method has been able to correctly identify many
true positive and true negative genes. As a consequence, we
can say that these set of identified genes along their devi-
ated dependencies, have a significant role of mediating the
disease. Hence, these results may facilitate the biologists
and researchers carrying out the biochemical analysis to do
further study on gene regulatory networks and how the en-
tire network structure changes from normal state to diseased
state.
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