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Development of a fuzzy entropy based
method for detecting altered gene–gene
interactions in carcinogenic state
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Abstract. In this article, we propose a methodology for identifying the interactions among the genes in terms of dependencies
(named as gene–gene interaction) that have altered quite significantly from normal stage to diseased stage with respect to their
expression patterns. This idea leads to predict the disease mediating genes along with their altered interactions. The proposed
methodology involves measuring information content of individual genes using fuzzy entropy, conditional fuzzy entropy of a
gene on another, dependencies (interactions) of a pair of genes in both normal and diseased states, detecting the dependencies
being deviated from normal to carcinogenic state and finally identifying the influential genes from altered dependencies. Thus
the gene–gene interactions for normal state and diseased state are represented separately by the gene dependency networks
(GDN). The altered interactions among the genes have been represented using a network, called altered gene dependency
network (AGDN), in which each node represents a gene and a directed edge signifies altered dependency between a pair of nodes
(genes). The methodology has been demonstrated on five gene expression data sets dealing with human lung cancer, colon cancer,
sarcoma, breast cancer and leukemia. The results are appropriately validated, in terms of gene–gene interactions, using biochemical
pathways, t-test, p-value, NCBI database and earlier investigations in terms of gene regulation. We have also used sensitivity
to validate the results. For a comparative study, we have used some existing association rule mining algorithms and frequent
pattern mining algorithms like Fuzzy Cluster-Based Association Rules, Apriori, T-Apriori in terms of gene–gene interactions. In
addition, we have implemented Significance Analysis of Microarray, Signal-to-Noise Ratio, Neighborhood analysis, Bayesian
regularization and frequent pattern mining algorithms for a comparison with AGDN in terms of ability to identify the important
genes mediating the cancers.

Keywords: Gene dependency networks, altered gene dependency networks, lung cancer, colon cancer leukemia, sarcoma, breast
cancer, t-test, p-value

1. Introduction

Transcriptional regulatory networks are crucial in
the understanding of fundamental cellular processes
and functions. The determination of factors that con-
trol expression level can offer further insight into the
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miss regulated expression that is common in many
human diseases [1, 2]. There exist many investigations
on identifying transcription factors including those
through sequence similarity [3, 4], motif binding [5–8]
and through the dynamics of gene expression patterns
[9, 10].

Various statistical approaches have been developed
to capture gene regulations using dynamic Bayesian
networks [11, 12], vector autoregressive models [13],
and state space models [14, 15] based on statistical
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causality, among others. Traditional approaches include
formulation of a set of coupled differential equations
and their solutions, with the objective to obtain a deeper
understanding of the exact nature of the regulatory cir-
cuits and their regulation mechanisms [16]. Various
alternative methods, like relevance networks [17] and
graphical Gaussian models [18] have been proposed
and applied to the inference of gene regulatory networks
from gene expression data. The identification of several
disease-associated polymorphisms by whole genome
analysis is now leading to the detection of interactions
among genetic (or environmental) factors [19]. How-
ever, this type of investigations is till now in nascent
stage.

In the literature, we have found some investigations
on association rule mining for building large-scale gene
regulation networks from microarray data [20]. Here
an association rule mining technique has been used to
generate the patterns for probing the spatially-mapped
gene expression domains. Prediction gene networks
from microarray gene expression data using the associa-
tion rule mining techniques include dynamic Bayesian
network [21], a novel algorithm by [22], a temporal
association rule mining (TARM) technique that can
extract temporal dependencies among genes from time-
series microarray data sets [23]. In the above study, the
researchers tried to find out the associations among the
genes from microarray gene expression data sets by
applying a set association rule mining algorithms.

But it is hard to find investigations on the depen-
dencies among the genes, in terms of regulation, which
have changed from normal to diseased state of cancer
datasets. Association rule network provides a graphi-
cal view of the associations among various objects [24]
have developed the concept of association rule networks
as a structure for synthesizing, pruning and analyzing a
collection of association rules to construct hypothesis
to draw inferences on the dependence of certain objects
on the others. In the present manuscript, we provide the
notion of gene dependency networks to show pictori-
ally the dependence of gene(s) on the other, in terms
of transcriptional regulations. Thus there is a corre-
spondence between association rule networks and gene
dependency networks. In another study, association rule
mining and network analysis have been applied on a vast
amount of prescription data that is generated from the
book of oriental medicine to identify the relationships
between the symptoms and the associated medicines
[25]. However, we could not find any algorithm or tech-
nique like ARN that can construct association networks
among the genes from gene expression data. Moreover,

the altered of the associations as well as the correspond-
ing networks between the different states of a disease,
is one of the most challenging task nowadays that moti-
vates us to work on the present issue.

Thus, in the present article, we concentrate on iden-
tifying dependencies (interactions) among the genes
obtained from microarray gene expression patterns.
Here we develop a methodology for identifying the
dependencies among the genes (gene–gene interac-
tion), which have changed from normal to diseased
state. In this way, we can predict disease medi-
ating genes along with their altered dependencies
(interactions). The methodology involves measuring
information content of individual 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 dependen-
cies that have altered from normal to diseased state.
A fuzzy entropy is a “measure of the degree of fuzzi-
ness" of a generalized set [26]. It is introduced using
non-probabilistic concepts in order to obtain a global
measure of indefiniteness connected with the situations
described by fuzzy set theory. All the dependencies
(interactions) among the genes are represented by net-
works, called gene dependency networks (GDNs) for
normal and diseased states separately. Similarly, altered
dependencies are represented by altered gene–gene
dependency networks (AGDNs).

There exist several approaches of frequent pattern
mining algorithms [27] for discovering such depen-
dencies/associations, although none of them has been
applied to gene expression profiles. These include
Fuzzy Cluster-Based Association Rules (FCBAR) [28],
Apriori [29], T-Apriori [30], DGN [31], Max-conf [32],
Pattern Fusion [33], TD-CLOSE [34], TOPKRGS [35]
algorithms. We have considered these algorithms for
the comparison of the associations among the genes
resulted in by them with the resulting GDN obtained
from normal gene expression profiles.

In the present study, we have proposed a tech-
nique to find out the influential genes from AGDN.
Several attempts have been made during the past
several years for developing methodologies or using
feature selection algorithms that select informative
genes from microarray gene expression data. These
informative genes improve the efficiency of the sys-
tem in terms of disease prediction accuracy. These
attempts include Significance Analysis of Microarray
(SAM) [36], Signal-to-Noise Ratio (SNR) [37], Neigh-
borhood analysis (NA) [38], Bayesian regularization
(BR) [39, 40] and GeneSelector [41]. we have consid-
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ered these algorithms for comparison. The effectiveness
of the methodology has been demonstrated on five
gene expression data dealing with human lung can-
cer, colon cancer, sarcoma, breast cancer and leukemia.
The results are appropriately validated in terms of
gene–gene interaction, using biochemical pathways, t-
test, p-value, NCBI database. The results have been also
validated with some existing investigations in terms of
gene regulation.

2. Methodology

Here, we formulate the methodology for developing
a gene dependency network based on the gene expres-
sion patterns of normal and diseased samples. First of
all, two gene dependency matrices (GDMs) are formed
for gene expression profiles 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 normal to
diseased state. This prediction network provides an idea
on the genes along with their dependencies for medi-
ating carcinogenic development. In other words, the
network may predict the responsible genes and their
altered behavior. Then we find out some possible genes
mediating the development of cancer. We have used
fuzzy set theoretic entropy to determine the gene depen-
dency matrices. Using these matrices, we build the
altered gene dependency network.

The term gene dependency may be defined as fol-
lows. 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 repre-
sents 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 six steps. In Step 1, the
information content of a gene is computed using the
notion of fuzzy entropy from gene expression data set.
The conditional 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 val-
ues of the gene dependency matrix are quantized, in
Step 4, using a threshold. In Step 5, the gene depen-
dency network (GDN) and the altered gene dependency
network (AGDN) are generated. Finally, in Step 6,
the influential genes are identified from altered gene
dependency network (AGDN).

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

Let G be the set of n genes {g1, g2, g3, . . . , gn}.
For each gene gi, there is an m-dimensional vector xi,
where xil is the l-th expression value (i.e., in lth sam-
ple obtained by lth experiment) of gene gi. Here we
consider a fuzzy set around a gene gi and the member-
ship function Ugi (l) signifies the degree of membership
of 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 uncer-
tainty associated with each gene, i.e., information
content of an individual gene. Now the entropy associ-
ated 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)
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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 [42],

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 mea-
sure, 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 towards the genes with more expres-
sion values. We normalize IG-values to get Normalized
IG-values or NIG-values as [42],

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
expression value of gj . NIG(gi, gj) = 1 indicates that
knowledge of the expression level of either one com-
pletely 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 represent each type, we have to fix a
threshold value to generate the quantized gene depen-
dency matrix D = [dij]n×n.

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 /= j, are defined as

dij = 0.0 if 0 ≤ dij ≤ α

= 0.5 if α < dij ≤ β

= 1.0 if β < dij ≤ 1,

(8)

and dii = 1, for all i. Thus the quantized gene depen-
dency 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 of gene dependency network
(GDN) and altered gene dependency network
(AGDN)

In the previous step, we have defined gene depen-
dency 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 nor-
mal samples, and by D(D) for diseased samples. From
each matrix, the gene dependency network (GDN) is
constructed. The network (GDN) is constructed in the
following way:

dij = 1.0: In this case, there is a edge directed from
node gj to node gi (the edge is labeled with
1.0).

dij = 0.0: In this case, there is no edge between gi and
gj .

dij = 0.5: In this case, there is a edge directed from
node gj to node gi (the edge is labeled with
0.5).

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.
From matrix P , the altered gene dependency network
(AGDN) is constructed. Thus, AGDN represents the
set deviated gene–gene interactions. The significance
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 depen-
dency of gene gi on gene gj .

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

(D)
ij = 1.0.

It indicates 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 indi-

cates that two highly dependent genes gi

and gj in normal state become indepen-
dent in diseased state.
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pij = 0.5 (−0.5): In this case, dependency of gi on gj

in diseased condition is partially lost
(gained).

2.6. Step 6 – Selection of Influential genes from
altered gene dependency network (AGDN)

As already mentioned earlier, we have developed a
methodology to establish the concept of gene depen-
dency from gene expression data sets. This concept
leads to develop a altered gene dependency network
(AGDN) that shows the altered dependencies among
a set of genes from normal to carcinogenic samples. In
this section, we try to validate the results in a different
way. From AGDN, 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 depen-
dency in AGDN.

3. Results

In this section, the effectiveness of the methodology
is demonstrated on five cancer gene expression data
sets. The details of these datasets are available in the
Supplementary Material. This is followed by validation
of the results.

3.1. Analysis of the results

Lung expression data [43] contains 10 normal sam-
ples 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 dependencies from normal samples
to tumor samples; 275 (303) genes have lost (gained)
their dependencies partially. Similarly for human breast
expression data set (expression levels of 22645 genes
for 2 normal breast epithelial cells and 4 samples for
breast cancer cells) [44], 356 (371) genes have been
found to loose (gain) their dependencies from normal
to cancer cells; 510 (419) genes have lost (gained)
their dependencies partially. For human colon expres-
sion data (6600 genes with 18 normal and 18 cancer
samples) [45], it has been found that 121 (147) genes
have lost (gained) their dependencies from normal
samples to tumor samples; 198 (168) genes have lost
(gained) their dependencies partially. In the case of
human lymphocyte cell expression data (22283 genes
with 13 normal samples and 43 cancer samples) [46],

298 (335) genes have been found to loose (gain) the
dependencies; 308 (486) genes have lost (gained) their
dependencies partially. Finally, considering human sar-
coma expression data (22283 genes with 15 normal
samples and 39 cancer samples) [47], it has been found
that the dependencies have been lost (gained) for 215
(346) genes from normal samples to tumor samples;
510 (379) genes have lost (gained) their dependencies
partially.

Figure 3 shows the altered gene dependency net-
work (AGDN) for lung expression data. Here we
have showed only the altered dependencies that have
changed completely from normal to diseased state, i.e.,
pij = 1 or −1. Figure 1 and 2 depict dependencies
among the genes, respectively in normal and diseased
states, which are involved in GDN and dij = 1. In order
to restrict the size of the article, we have included cor-
responding figures (Figs. 10–21) for the other data sets
in the Supplementary Material.

Now we consider gene expression profiles of cancer
samples in different stages. For lung carcinoma data,
we have applied the methodology on various diseased
states of human lung adenocarcinoma (86 tumor sam-
ples 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.

For human leukemia data set, 43 diseased samples
are classified into three diseased states of human lym-
phocytes and plasma cell expression. Out of these 43
samples, 20 samples for Waldenstrom’s macroglob-
ulinemia, 11 for chronic lymphocytic leukemia and
the remaining 12 for multiple myeloma [46]. It has
been found that 22 (31) genes have lost (gained)
their dependencies from Waldenstrom’s macroglobu-
linemia to chronic lymphocytic leukemia. Likewise, 38
(45) genes have lost (gained) their dependencies from
Waldenstrom’s macroglobulinemia to chronic lympho-
cytic leukemia partially. Similarly, 27 (19) genes have
lost (gained) their dependencies from chronic lympho-
cytic leukemia to multiple myeloma; 49 (55) genes
lost (gained) from chronic lymphocytic leukemia state
to multiple myeloma state partially. It has also been
reported that 56 (63) genes have lost (gained) their
dependencies from Waldenstrom’s macroglobulinemia
to multiple myeloma state and the dependencies have
been lost (gained) for 71 (67) genes partially from
Waldenstrom’s macroglobulinemia state to multiple
myeloma.
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Fig. 1. GDN for lung expression data in normal state. Here we consider the set of dependencies for the genes in GDN, where dij = 1.0.

3.2. Comparison and validation of results

In this section, we compare the results obtained by
AGDN. The comparison has been done on gene–gene
interactions, using biochemical pathways, t-test and
sensitivity. Here we have implemented 8 existing asso-
ciation rule mining algorithms (i.e., FCBAR [28],
Apriori [29], T-Apriori [30], DGN [31], Max-conf [32],
Pattern Fusion [33], TD-CLOSE [34] and TOPKRGS
[35]) and 5 other methods (i.e., Significance Analysis of
Microarray (SAM) [36], Signal-to-Noise Ratio (SNR)
[37], Neighborhood analysis (NA) [38], Bayesian reg-
ularization (BR) [39, 40] and GeneSelector [41]) for
comparison. Moreover, we have also tried to validate
some of our results using some earlier investigations.

3.2.1. On gene–gene interactions
Let us consider y is a function of x, i.e., y = f (x).

This means any variation of x will affect y. Thus, we
can say that y depends on x. It is represented as x → y.
In other words, we can say there is an association exists
between x and y. This means that x interacts with y.
Now, consider the above example for gene expression
data such that x and y are two genes. Thus there exists an

association if y = f (x), and gene x interacts with y. We
call this interaction between gene x and y as gene–gene
interaction.

Here, we validate the results obtained by GDN

with various cancer datasets, in terms of gene–gene
interactions. By gene–gene interactions, we mean
corresponding protein-protein interactions. For this
purpose, we have mainly focussed on the fact that
how GDN has discovered correctly the associations
in terms of gene–gene interactions with respect to
various cancer datasets. In this context, we applied
the above mentioned association rule mining algo-
rithms for a comparative study with GDN in terms
of gene–gene interactions. We get pathway related
information from bio-system database that consists
of a set of genes and their interactions with other
genes. We have found some cancer specific path-
ways from bio-system (pathway) database of NCBI
(www.ncbi.nlm.nih.gov/biosystems/). In the database,
we have found non-small cell lung cancer, small cell
cancer, colorectal cancer, chronic myeloid and acute
myeloid leukemia related pathways. These pathways
are related to human lung, colon and lymphocyte
and plasma cell. However, we could not find similar
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Fig. 2. GDN for lung expression data in diseased state. Here we consider the set of dependencies for the genes in GDN, where dij = 1.0.

Fig. 3. AGDN for lung expression data. Continuous (dashed) arrow indicates that dependencies between genes in carcinogenic samples have been
gained (lost). Here we consider pij = 1 or −1 only.
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pathways for human sarcoma and breast cells. From
this database, we have collected the information related
to gene–gene interaction for leukemia, lung and colon
cancers. The list of interactions for three cancers have
been compared with associations generated by GDN in
normal state of lung, colon, and lymphocyte cell.

For human lung expression dataset, we have iden-
tified 132 interactions among the genes in normal
state using GDN. The database provides 126 such
interactions for human lung. We have found 84 inter-
actions (true positive) that are common in both the
sets. Likewise, we have calculated false positive and
false negative. Finally, we have calculated these param-
eters for all the cases except breast and sarcoma (Table
1 in Supplementary Material). In Fig. 4, it is clearly
observed that our method GDN produces the highest
number of true positives compared to the existing meth-
ods for all the three datasets in terms of gene–gene
interactions. It is to be noted that GDN (in Fig. 4) also
generates less number of false positives and false nega-
tives compared to the existing methods for all the three
datasets. In order to validate our results further, we have
computed Sensitivity for lung expression dataset. The
entire result has been shown in Table 1 in supplementary
Material. Sensitivity is computed using the following
equations

Sensitivity = TP

(TP + FN)
(9)

From Fig. 4 (Table 1 in Supplementary Material), it is
clearly observed that Sensitivity ofGDN is much higher
with respect to FCBAR, Apriori, T-Apriori, DGN, Max-
conf, Pattern Fusion, TD-CLOSE, TOPKRGS for every
dataset. In other words, we can say that GDN is able to
find out more true positives for all data sets. Thus, we
can conclude that GDN performs the best in identifying
the associations.

3.2.2. Using biochemical pathways
From the aforesaid pathways, we have identified the

genes (protein) involved in these pathways. Now we
consider the altered associations in such a way the set
of genes involved in these associations has become sim-
ilar to the set of genes involved in the pathways. For a
comparative study, we have applied the aforesaid exist-
ing methods on gene expression datasets to find out the
informative genes. For lung cancer, we have found non-
small cell lung cancer and small cell cancer pathways. A
set of 409 genes are involved in these two pathways. We
have compared this set of genes with these 409 genes
(Table 2 in Supplementary Material). AGDN has identi-

fied 412 genes that are involved in altered associations.
Here we have identified 338 genes that are common in
database information and the results of AGDN. We have
called these genes as true positive (TP) genes. Thus we
have 74 genes that are in the set of 412 genes (obtained
by AGDN) but not involved in the pathways. These 74
genes are considered as false positive (FP). Similarly,
the number of false negative genes is 71 for AGDN. In
order to validate our results further, we have computed
Sensitivity for lung expression dataset. The entire result
has been shown in Table 2 in Supplementary Material.

For human colon expression data, we have found 62
genes that are present in a colon cancer related path-
way (i.e., colorectal cancer pathway). Similarly, we
have found 355 genes in leukemia related pathways like
chronic myeloid and acute myeloid leukemia. From Fig.
5, it is clear that AGDN have provided the best results
to find out true positives with respect to the existing
methods for all the three datasets. It is to be mentioned
that AGDN is capable of finding out less number of false
positive and false negative genes compared to the above
mentioned existing methods for all the three datasets. It
is to be reported that, Sensitivity for AGDN of each data
set is better than existing methods. Thus, we can con-
clude that AGDN finds out more true positive genes for
all the datasets compared to aforesaid existing methods.

3.2.3. Using t-test
We apply t-test on the set of influential genes pro-

duced by AGDN. 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 188 influ-
ential genes (Table 3 in Supplementary Material). 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. For human colon expression data,
these figures are 76% (99.9% level of significance),
91% (99% level of significance) and 96% (95% level of
significance). Similarly, 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). Likewise, 71% (99.9% level of sig-
nificance), 77% (99% level of significance) and 84%
(95% level of significance) are the figures for human
lymphocyte and cell expression data. Finally, the fig-
ures for human sarcoma dataset are 69% (99.9% level
of significance), 78% (99% level of significance) and
90% (95% level of significance). All these results (Fig.
6) indicate that these influential genes have changed
their expression level from normal state to diseased
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Fig. 4. Comparison among the methods in terms of gene–gene interactions. Here TP , FP , FN indicates true positive, false positive, false negative
respectively.

Fig. 5. Comparison among the methods in terms of biochemical pathways. Here TP , FP , FN indicates true positive, false positive, false negative
respectively.
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Fig. 6. Comparative study of different methods using t-test.

state quite significantly. From Fig. 6 (Table 3 in Sup-
plementary Material) it is clearly observed that AGDN

is able to find out more significant genes with respect
to the above mentioned existing methods for all the
five datasets. Thus, we conclude that AGDN is the
best method compared to the other exsiting methods
to identify the informative genes in terms of level of
significance.

3.2.4. Using NCBI database
From AGDN, we have identified 263, 151, 283,

403, 99 influential genes for lung, colon, leukemia,
breast and sarcoma respectively. For comparison, we
have used the existing methods to identify the dis-
ease mediating genes. NCBI provides a gene database
(http://www.ncbi.nlm.nih.gov/Database) where the dis-
ease mediating gene list corresponding to a specific
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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. In NCBI, we have found 346, 210,
329, 483, 124 genes that have responsible for lung can-
cer, colon cancer, leukemia, breast cancer and sarcoma
respectively (Fig. 7). To validate the results differently,
we compute the genes such that c′ = c where NCBI
database results top c′ genes according to the relevance
and AGDN results c influential genes. Thus we made a
matching between two sets of results to find out the true
positives. In order to validate the results, we have com-
puted Sensitivity for all five datasets. The entire result
has been shown in Table 4 in Supplementary Material.
From Fig. 7 (Table 4 in Supplementary Material) it is
clearly observed that AGDN produces high number of
true positives compared to the aforesaid methods. It is
also to be noted that AGDN produces higher sensitivity
(Table 4 in Supplementary Material) with respect to the
existing methods for each data set. In other words, we
can say that AGDN is capable of identifying more true
positives for gene expression datasets.

3.2.5. Using p-values
Since the influential genes have been ranked based

on their importance in AGDN, top ranked genes are
expected to mediate the respective carcinoma, being
involved in some particular biological functions. Thus
the functional categories, related to these biological
functions, of these genes should be enriched.

In our study, the enrichment of each GO (Gene
Ontology) category [48] for each of the genes has
been calculated by its p-value. For comparison with
AGDN, we applied SAM, SNR, NA, BR, GeneSelector
on five gene expression datasets. Here only functional
categories with p-value ≤ 5 × 10−5 has been consid-
ered. Figure 8 and 9 show the number of functionally
enriched attributes corresponding to AGDN, SAM,
SNR, NA, BR, GeneSelector for the set of impor-
tant genes of all the five datasets (Tables 5 and 6 in
Supplementary Material). Higher number of enriched
attributes for a set of top ranked genes indicates that the
resulting genes are belonging to the same functional
categories. In other words, this group of genes are per-
forming the same set of functions. This means, if one
of the genes from the pool is responsible for cancer
then the other genes may have a strong influence in
mediating the disease.

In order to demonstrate the ability to identify can-
cer mediating genes correctly, we have computed the
number of enriched attributes of the first 5, 10, 15, 20

important genes (influential genes for AGDN) for all
the five datasets. From Fig. 8 (Table 5 in Supplemen-
tary Material), it is clearly observed that gene ranking
resulted in by AGDN is the best compared to SAM,
SNR, NA, BR and GeneSelector of all the five datasets.
Similarly, we have calculated the number of enriched
attributes for the last 5, 10, 15, 20 gene sets to establish
the fact that how correctly the method AGDN is capa-
ble of ranking the genes according to their importance.
From Fig. 9 (Table 6 in Supplementary Material), it is
clearly observed that AGDN performs the best in terms
of identifying less important genes compared to SAM,
SNR, NA, BR and GeneSelector for all the five datasets.
In Figs. 8 and 9, it is clearly viewed that AGDN pro-
vides the best results with respect to aforesaid existing
methods for lung, colon, sarcoma, leukemia and breast
cancer datasets.

3.2.6. Validation based on some earlier
investigations

The present method finds some genes along with the
dependencies among them, which have changed from
normal to carcinogenic samples. We could not find any
article in literature, which deals with similar investiga-
tion. That is why, we have tried to validate our results
based on gene regulation. Tables 7-11 (in Supplemen-
tary Material) show some of the dependencies that have
changed from normal to carcinogenic state, along with
some articles that support the fact on gene regulation in
normal and carcinogenic states. These tables include a
column containing some references. In order to restrict
the size of the article, we have kept these tables as well
as references in Supplementary Material. We now men-
tion some of these dependencies that have changed from
normal to diseased state.

For lung expression dataset (Table 7 in Supplemen-
tary Material), 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 adenocarcinoma sam-
ples. In this way, we have identified a set of genes
that have shown their strong dependencies in cancer
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
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Fig. 7. Comparative study with other methods using NCBI database.

these genes may be almost independent of the expres-
sion level of TNF.

Similarly, for colon expression data (Table 8 in
Supplementary Material), we have found that genes
HLA-B, PTX3 have shown stronger dependency on
TNF in cancer state. It is also reported that gene
like TP53 has strong influence in regulating the genes
IGFBP3, TNF and MBP in malignant tumor state,
whereas there is no dependency among them in nor-
mal state. It also reflects that gene TP53 may regulate
the expression of the genes IGFBP3, TNF and MBP
in colon cancer. Some earlier investigations support

this behavior. Likewise, we have identified a set of
genes that have shown strong association in terms
of dependency in normal state. For example, EGFR,
IGF1R, STAT3, MAPK8 and IL6 strongly influence
the expression of gene TNF in normal state, whereas no
dependency has been found among them in malignant
state. Gene PDGFRA has shown strong dependency on
genes like E2F1 and BRAF in normal state whereas
there is no such dependency in cancer state. However,
there is no information in literature to our knowledge
about these genes. This result suggests that the aforesaid
genes may have impact on human colon carcinoma.
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Fig. 8. Comparative results on number of enriched attributes for various sets (first 5 to first 20 gene set) of influential genes corresponding to
different methods.

Likewise for human sarcoma cell expression data
(Table 9 in Supplementary Material), we have iden-
tified that gene BAX has shown strong dependency, in
terms of regulation, on BCR, TP53 and TNF in diseased
state, and on STAT3 and VEGFA in normal state. On
the other hand, genes like CDKN2A, IGFBP3, BCR,
PTEN have shown strong dependency on TP53 in car-
cinogenic state whereas there is no such association
among them in normal state. Gene CDKN2A has strong
influence in regulating gene TP53 in normal state. Gene
TNF influences of the expression the genes like BAX,
TP53, HLA-B, PTEN in cancer state.

For human lymphocyte cell expression data (Table 10
in Supplementary Material), IGF1R, VEGFA, BRCA1,
MAPK3 have strong influence in regulating the gene

IGF1 in normal state, whereas there is no such depen-
dency among them in diseased state. In other words,
IGF1R, VEGFA, BRCA1, MAPK3 may regulate the
expression value of IGF1 in normal state. It is also
reported that gene BRCA1 has shown strong depen-
dency on genes like TP53, PTEN in diseased state,
and STAT3 and CDKN2A in normal state. Gene BCL2
influences strongly the expression of the genes BAX
and BCR in cancer state. We have also identified that
genes like BAX, IGFBP3, BCR, CDKN2A, BRCA1,
KRAS have shown their strong dependency on TP53
in diseased sate whereas there is no dependency among
them in normal state.

Regarding human breast expression data (Table 11 in
Supplementary Material), we have identified the gene
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Fig. 9. Comparative results on number of enriched attributes for various sets (last 5 to last 20 gene set) of influential genes corresponding to
different methods.

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 depen-
dency among them. Similarly, genes like STAT3 and
CDKN2A have strong influence in regulating the gene
BRCA1 in normal state. In other words, STAT3 and
CDKN2A may regulate 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 normal
state CDKN2A, BCL2, ERBB2, BRAF have strong
influence on gene KRAS. It has been found that genes
like HNF1A, HNF4A, CREBBP have strong influence
in regulating the gene H3F3A in normal state, whereas
in diseased state there is no such dependency. But there
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is no information 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 (interactions) among
the genes have changed from normal state to diseased
state. The algorithm has identified the dependencies
among the genes, which have altered quite significantly
from normal state to diseased state. The methodology
involves measuring information content of individual
genes using fuzzy entropy, dependencies of a pair of
genes in both normal and diseased states using condi-
tional fuzzy entropy. Finally, the dependencies that have
altered from normal to carcinogenic state have been
identified. The interactions among the genes for either
state (i.e., normal or disease) of gene expression data is
represented by the gene dependency network (GDN).
The altered dependencies among the genes have been
represented using network, called altered gene depen-
dency network (AGDN), in which each node represents
a gene and a directed edge signifies altered dependency
between a pair of nodes (genes). In addition, we pro-
posed a technique that identifies the influential genes
from AGDN.

In this way, we have identified the responsible genes
as well as the altered interactions among them. We
have applied the algorithm on five cancer data sets
(lung, colon, sarcoma, leukemia and breast). As a result,
we have identified the altered gene dependency net-
work for each of the data sets. We could not find any
article in literature, which deals with similar investi-
gation. So we have tried to validate our results based
on gene regulation. In this context, we have used
gene–gene interaction, biochemical pathways, t-test, p-
value, NCBI database to validate the results. We have
used some existing association rule mining algorithms
like FCBAR, Apriori, T-Apriori, DGN, Max-conf, Pat-
tern Fusion, TD-CLOSE, TOPKRGS for a comparison
with GDN in terms of gene–gene interactions. Like-
wise, to compare with AGDN, we have implemented
aforesaid methods in terms of identifying the important
genes mediating cancers. From all the results, we have
found that the present method has been able to correctly
identify many true positive genes as well as gene–gene
interactions from gene expression datasets. As a con-
sequence, we can say that these set of identified genes
along with their altered interactions, 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 reg-
ulatory networks and how the entire network structure
changes from normal state to diseased state.
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