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Abstract. One of the important problems in functional genomics is how
to select the disease genes. In this regard, the paper presents a new sim-
ilarity measure to compute the functional similarity between two genes.
It is based on the information of protein-protein interaction networks.
A new gene selection algorithm is introduced to identify disease genes,
integrating judiciously the information of gene expression profiles and
protein-protein interaction networks. The proposed algorithm selects a
set of genes from microarray data as disease genes by maximizing the rel-
evance and functional similarity of the selected genes. The performance
of the proposed algorithm, along with a comparison with other related
methods, is demonstrated on colorectal cancer data set.

1 Introduction

Genetic diseases such as Alzheimer’s disease, breast cancer, leukemia, colorectal
cancer, down syndrome, and heart disease are caused by abnormalities in genes
or chromosomes. A genetic disease may be heritable disorder or may not be.
While some genetic diseases are passed down from the parent’s genes, others are
frequently caused by new mutations or changes to the DNA. In other instances,
the same disease, for example, some forms of cancer, may stem from an inherited
genetic condition in some people, from new mutations in some people, and from
non-genetic causes in other people. As the term genetic disease suggests, these
diseases are caused by the dysfunction of some genes. Therefore, such genes are
better known as disease genes [1].

Recent advancement and wide use of high-throughput biotechnologies have
been producing an explosion in using gene expression phenotype for understand-
ing the function of disease genes [4,8]. Analyzing the difference of gene expres-
sion levels in particular cell types may provide an idea about the propensity of
a disease. Specifically, if a set of genes shows a consistent pattern of different
expression levels in sick subjects and a control group, then that gene set is likely
a strong candidate of playing a pathogenic role. Differences in expression levels
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can be detected primarily by microarray studies. In this background, microar-
ray gene expression data has been widely used for identification of disease genes
using different feature selection algorithms [5,16,18,22].

In [2,6], it has been shown that the genes associated with the same disorder
tend to share common functional features, reflecting that their protein products
have a tendency to interact with each other. Hence, another indicative trait of
a disease gene is that its protein product is strongly linked to other disease-
gene proteins. In this background, the protein-protein interaction (PPI) data
have been used in various studies to identify disease genes [13,20]. Individually
microarray data or the PPI network data can be used to identify potential disease
genes, although there is a limited chance of finding novel disease genes from
such an analysis. In this regard, data integration methods have been developed
to identify pleiotropic genes involved in the physiological cellular processes of
many diseases.

The integrated approaches assume that the protein products of disease genes
tend to be close to differentially expressed genes in the protein interaction net-
work. Chao et al. [24] developed a method by integrating gene expression data
and the PPI network data to prioritize cancer-associated genes. Zhao et al. [25]
also proposed an approach by integrating gene expression data and the PPI
network data to select disease genes. Jia et al. [10] developed a dense module
searching method to identify disease genes for complex diseases by integrating
the association signal from genome wide association studies data sets into the
human PPI network. Li and Li [17] developed another approach to identify can-
didate disease genes, where heterogeneous genomic and phenotype data sets are
used. In this method, separate gene networks are first developed using different
types of data sets. The various genomic networks are then merged into a single
graph, and disease genes are identified using random walk. In [16], minimum
redundancy-maximum relevance (mRMR) [5] approach has been used to select
a set of genes from expression data, while maximum relevance-maximum signifi-
cance (MRMS) criterion [18] has been used in [22]. The selected gene set is then
used for identification of intermediate genes between a pair of selected genes
using the PPI network data. However, all the methods reported earlier consider
gene expression and PPI data separately while selecting candidate genes.

In this regard, this paper presents a new gene selection algorithm to identify
disease genes. It selects a set of disease genes by maximizing the relevance and
functional similarity of the selected genes. A new similarity measure is intro-
duced to compute the functional similarity between two genes. The proposed
algorithm judiciously integrates the information of gene expression profiles and
PPI networks. The mutual information is employed to compute the relevance of
the genes with respect to class labels based on gene expression profiles, while
the PPI data is used to calculate the functional similarity between two genes.
The mutual information is used to select differentially expressed genes as disease
genes using gene expression profiles, on the other hand, the functional protein
association network is used to study the mechanism of diseases. The performance
of the proposed algorithm, along with a comparison with other related methods,
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is demonstrated on colorectal cancer data set. An important finding is that the
proposed algorithm is shown to be effective for selecting relevant and function-
ally similar genes from microarray data, and the identified genes are significantly
linked with colorectal cancer. Extensive experimental study on colorectal can-
cer establishes the fact that the genes identified by the proposed method have
more colorectal cancer genes than those identified by existing methods and using
the gene expression profiles alone, irrespective of any gene selection algorithm.
All the results indicate that the proposed method is quite promising and may
become a useful tool for identifying disease genes.

2 A New Gene-Gene Similarity Measure

In general, the genes, which are associated with the same disorder, tend to share
common functional features. The protein products of these genes also have a
tendency to interact with each other [2,6]. Hence, an important characteristic of
a disease gene is that its protein product is strongly linked to other disease-gene
proteins. It has also been observed that proteins with short distances to each
other in the network are more likely to involve in common biological functions [3,
14,21], and that interactive neighbors are more likely to have identical biological
function than non-interactive ones [11,15]. This is because the query protein
and its interactive proteins may form a protein complex to perform a particular
function or be involved in a same pathway. Accordingly, a quantitative measure
is required that can efficiently compute the similarity between two genes. In
this paper, the information of PPI networks is used to calculate the functional
similarity.

The PPI networks are commonly represented as graphs (Fig. 1), with nodes
corresponding to proteins and edges representing PPIs. The weight of the edge
in graph depends on experimental as well as predicted interaction information.
Let Ni be the set of interactive neighbors or successor genes of a candidate gene
Ai and ωij ∈ [0, 1] is the weight value of the edge between gene Aj ∈ Ni and
candidate gene Ai. The set of successors Ni of gene Ai and corresponding weight
value ωij can be obtained from the information of PPI network. Let Nik be the
set of genes, which are successors of both genes Ai and Ak, that is, Nik = Ni∩Nk.
Define Ñi = Ni \ Nik as the set of genes those are successors of gene Ai but not
of gene Ak. The functional similarity between two genes Ai and Ak, having sets
of successor genes Ni and Nk, respectively, is as follows:

S(Ai,Ak) =

∑

Aj∈Nik

min{ωij , ωkj}
∑

Aj∈Ñi

ωij +
∑

Aj∈Nik

max{ωij , ωkj} +
∑

Aj∈Ñk

ωkj

. (1)

Hence, if the interactive neighbors and the corresponding edge weights of two
genes are same, then the functional similarity between these two genes is high.
On the other hand, two genes are functionally dissimilar if they have no common
interactive neighbors. The following properties can be stated about the measure:
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Fig. 1. An example of protein-protein interaction network

1. 0 ≤ S(Ai,Ak) ≤ 1.
2. S(Ai,Ak) = 1 if and only if two sets Ni and Nk contain exactly same set of

successor genes, that is, Nik = Ni = Nk, and weight value ωij = ωkj ,∀Aj ∈
Nik.

3. S(Ai,Ak) = 0 if and only if Nik = ∅.
4. S(Ai,Ak) = S(Ak,Ai) (symmetric).

In this regard, it should be noted that if the weight value ωij ∈ {0, 1}, then the
proposed similarity measure reduces to

S(Ai,Ak) =
|Ni ∩ Nk|
|Ni ∪ Nk| (2)

which is Jaccard index J(Ai,Ak).

3 Proposed Disease Gene Selection Algorithm

Recent advancement and wide use of high-throughput biotechnologies have been
producing huge amount of gene expression profiles data, which have been widely
used in different studies to understand the function of disease genes. If a set of
genes shows a consistent pattern of different expression levels in sick subjects
and a control group, then that gene set is likely a strong candidate of playing a
pathogenic role. The difference of gene expression levels in particular cell types
can be studied to get an idea about the propensity of a disease. On the other
hand, the genes associated with the same disease tend to share common func-
tional features. Also, the protein products of disease genes have a tendency to
interact with other disease-gene proteins.

In this regard, the paper presents a new gene selection algorithm, inte-
grating judiciously the gene expression and PPI data, to identify pleiotropic
genes involved in the physiological cellular processes of the disease. The pro-
posed method assumes that the protein products of disease genes tend to be
close to differentially expressed genes in the protein interaction network. Hence,
the proposed gene selection algorithm selects a set S of disease genes from
the whole gene set C of the given microarray gene expression data set by
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maximizing both relevance and functional similarity of genes present in S. Let
C = {A1, · · · ,Ai, · · · ,Aj , · · · ,Am} be the set of m genes of a given microarray
gene expression data set and S is the set of selected genes. Define γAi

(D) as the
relevance of the gene Ai with respect to the class labels D while S(Ai,Aj) as the
functional similarity between two genes Ai and Aj . Hence, the total relevance
of all selected genes is

Jrelevance =
∑

Ai∈S

γAi
(D), (3)

while the total functional similarity among the selected genes is

Jsimilarity =
∑

Ai �=Aj∈S

S(Ai,Aj). (4)

Hence, the problem of selecting a set S of relevant and functionally similar genes
from the whole set C of m genes is equivalent to maximizing both Jrelevance and
Jsimilarity, that is, to maximize the objective function

J = aJrelevance + (1 − a)Jsimilarity, (5)

where a is a weight parameter. To solve the above problem, following greedy
algorithm is used in the current study:

1. Initialize C ← {A1, · · · ,Ai, · · · ,Aj , · · · ,Am},S ← ∅.
2. Calculate the relevance γAi

(D) of each gene Ai ∈ C.
3. Select the gene Ai as the most relevant gene that has the highest relevance

value γAi
(D). In effect, Ai ∈ S and C = C \ Ai.

4. Repeat the following two steps until the desired number of genes is selected.
5. Calculate the functional similarity between each of the remaining genes of C

with respect to the selected genes of S and remove it from C if it has zero
functional similarity value with respect to any one of the selected genes.

6. From the remaining genes of C, select gene Aj that maximizes the following
condition:

aγAj
(D) +

(1 − a)
|S|

∑

Ai∈S

S(Ai,Aj). (6)

As a result of that, Aj ∈ S and C = C \ Aj .
7. Stop.

The mutual information [22] can be used to calculate the relevance of a gene
with respect to class labels, while the proposed similarity measure, based on
the information of PPI data, can be used for computing functional similarity
between two genes. However, in microarray gene expression data sets, the class
labels of samples are represented by discrete symbols, while the expression values
of genes are continuous. Hence, to measure the gene-class relevance of a gene with
respect to class labels using mutual information, the continuous expression values
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of a gene are divided into several discrete partitions. The a prior (marginal)
probabilities and their joint probabilities are then calculated to compute the
gene-class relevance using the definitions for discrete cases. In this paper, the
discretization method reported in [5,22] is employed to discretize the continuous
gene expression values. The expression values of a gene are discretized using
mean μ and standard deviation σ computed over n expression values of that
gene: any value larger than (μ+σ/2) is transformed to state 1; any value between
(μ−σ/2) and (μ+σ/2) is transformed to state 0; any value smaller than (μ−σ/2)
is transformed to state -1. These three states correspond to the over-expression,
baseline, and under-expression of genes. On the other hand, the STRING (Search
Tool for the Retrieval of Interacting Genes) is an online database resource that
provides both experimental as well as predicted PPI information, along with a
confidence score. In the current work, STRING is used for computing functional
similarity between two genes considering confidence score as the weight value.

4 Experimental Results and Discussions

This section presents the performance of the proposed maximum relevance-
maximum functional similarity (MRMFS) criterion based proposed gene selec-
tion algorithm, along with a comparison with other related methods. The
algorithms compared are t-test, MR (maximum relevance), mRMR [5], MRMS
[18], MR+PPIN [22], mRMR+PPIN [16], and MRMS+PPIN [22]. The mutual
information is used to compute the relevance, redundancy, and significance of
the genes. The value of a in (6) is set to 0.5.

In this study, the gene expression data from the colorectal cancer study of
Hinoue et al. [7] is used. The gene expression profiling of 26 colorectal tumors
and matched histologically normal adjacent colonic tissue samples were retrieve
from the NCBI Gene Expression Omnibus (www.ncbi.nlm.nih.gov/geo/) with
the accession number of GSE25070. The number of genes and samples in this
data set are 24526 and 52, respectively. The data set is pre-processed by stan-
dardizing each sample to zero mean and unit variance.

The performance of different methods is compared with respect to the degree
of overlapping with three gene lists, namely, LIST-1, LIST-2, and LIST-3. The
LIST-1 contains 742 cancer related genes, which are collected from the Can-
cer Gene Census of the Sanger Centre, Atlas of Genetics and Cytogenetic in
Oncology [9], and Human Protein Reference Database [12]. On the other hand,
both LIST-2 and LIST-3 consist of colorectal cancer related genes. While the
LIST-2 is retrieved from the study of Sabatas-Bellver et al. [23], the LIST-3 is
prepared from the work of Nagaraj and Reverter [19]. While LIST-2 contains
438 colorectal cancer genes, LIST-3 consists of 134 colorectal cancer genes.

4.1 Performance of Different Gene Selection Algorithms

This section presents the comparative performance analysis of different gene
selection algorithms with respect to the degree of overlapping with the three

www.ncbi.nlm.nih.gov/geo/
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gene lists. The algorithms compared are t-test, MR, mRMR [5], MRMS [18],
and the proposed MRMFS. Results are reported for first twenty genes selected
by different algorithms.

Table 1. Twenty top-ranked genes and overlapping with known disease genes

t-Test MR mRMR MRMS Proposed

Gene Y/N Gene Y/N Gene Y/N Gene Y/N Gene Y/N

GUCA2B y GUCA2B y GUCA2B y GUCA2B y GUCA2B y

ADH1B y BEST2 n PI16 n BCHE y GUCA2A y

SCARA5 y TMIGD1 n CDH3 y CLDN8 y BEST2 n

ESM1 n CLDN8 y SPIB y PI16 n CLCA4 y

TSPAN7 n PI16 n BEST2 n BEST2 n SCNN1B y

CA7 y SCNN1B y HMGCLL1 n TMIGD1 n NR3C2 y

LGI1 n CLCA4 y CILP n CILP n CA4 y

CEMIP n ADH1B y NR3C2 y CLCA4 y CA1 y

GLTP n CA1 y ADH1B y ADH1B y ELANE n

CLDN1 y CA4 y BOP1 n SCNN1B y AQP8 y

TMIGD1 n SCARA5 y ECI2 n ECI2 n GCG y

ACKR2 n GNG7 n CXCL8 n CA1 y PLCD1 n

NR3C2 y NR3C2 y CLCA4 y CXCL8 n CFD n

PLAC9 y ECI2 n TEP1 n TMEM37 n C7 y

PCOLCE2 n CXCL8 n LRP8 n GNG7 n BGN y

MMP7 y CILP n GCG y CA4 y CDK4 y

CLEC3B y TMEM37 n WISP2 n AFF3 y PRPH n

BEST4 n CLEC3B y TMIGD1 n NR3C2 y TGFBI y

AQP8 y ELANE n CFD n SCARA5 y KLF4 n

RUNDC3B n HEPACAM2 n C16ORF62 n WISP2 n MMP3 y

Table 1 presents the lists of genes selected by different gene selection algo-
rithms, along with their degree of overlapping with any one of the three cancer
gene lists. From the results reported in Table 1, it can be seen that the proposed
method provides better results than that of other methods with respect to degree
of overlapping with known gene lists. Out of 20 selected genes, 14 genes selected
by the proposed algorithm overlap with known disease genes, while t-test, MR,
mRMR, and MRMS algorithms can identify 10, 10, 7, and 11 disease genes.

4.2 Performance of Different Disease Gene Identification Methods

Finally, the performance of the proposed algorithm is compared with two algo-
rithms, namely, MR+PPIN [22] and mRMR+PPIN [16], which combine gene
expression and PPIN data for selection of disease genes. The results are reported
in Table 2 considering 41 genes as both MR+PPIN and mRMR+PPIN methods
consider 41 genes for their analysis. Table 2 also presents the statistical signifi-
cance test of the gene sets selected by the MR+PPIN, mRMR+PPIN, and pro-
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posed methods with respect to the genes of LIST-1, LIST-2, and LIST-3. Using
the Fisher’s exact test, statistical analysis of the overlapped genes is performed.

Table 2. Degree of overlapping and fisher’s exact test

Methods/Algorithms LIST-1 LIST-2 LIST-3 LIST

Overlap P-Value Overlap P-Value Overlap P-Value 2-3

MR+PPIN 9 2.84E-05 7 2.10E-05 5 5.01E-06 10

mRMR+PPIN 8 1.91E-04 4 1.06E-02 3 2.02E-03 5

Proposed 5 2.33E-02 16 2.20E-16 8 1.29E-10 19

Table 3. KEGG enrichment analysis

KEGG ID Term Count % P-Value Benjamin

05216 Thyroid cancer 5 0.42955 3.33E-04 3.37E-02

00910 Nitrogen metabolism 4 0.34364 2.33E-03 1.14E-01

05200 Pathways in cancer 11 0.94502 4.53E-03 1.44E-01

05219 Bladder cancer 4 0.34364 1.29E-02 2.85E-01

05222 Small cell lung cancer 5 0.42955 1.67E-02 2.94E-01

05210 Colorectal cancer 5 0.42955 1.67E-02 2.94E-01

04062 Chemokine signaling pathway 7 0.60137 2.20E-02 3.17E-01

05223 Non-small cell lung cancer 4 0.34364 2.53E-02 3.14E-01

04916 Melanogenesis 5 0.42955 2.87E-02 3.12E-01

04060 Cytokine-cytokine receptor interaction 8 0.68729 3.32E-02 3.21E-01

04115 p53 signaling pathway 4 0.34364 4.56E-02 3.81E-01

Out of total 41 genes selected by the proposed method, 16 and 8 genes are
related to colorectal cancer with respect to the LIST-2 and LIST-3, respectively,
while only 7 and 5 genes obtained using MR+PPIN are colon cancer related
genes. On the other hand, only 4 and 3 genes selected using mRMR+PPIN
are related to colon cancer with respect to two lists. Hence, the Fisher’s exact
test for the proposed method generates lower p-values for both LIST-2 and
LIST-3, which are significantly better than the p-values obtained by other two
methods. However, the degree of overlapping by the proposed algorithm with
cancer related genes of LIST-1 is lower than that by existing methods. The
last column of Table 2 depicts the degree of overlapping with respect to the two
colorectal cancer gene lists. While the proposed method can identify 19 colorectal
cancer related genes, only 10 and 5 disease genes are identified by the MR+PPIN
and mRMR+PPIN methods.

4.3 KEGG Enrichment Analysis

The hundred genes selected by the proposed method are further analyzed using
the functional annotation tool of David. The enriched p-value was corrected
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to control family-wide false discovery rate under certain threshold (for example,
<0.05) with Benjamin multiple testing correction method. Table 3 represents the
KEGG pathway enrichment analysis of the gene set obtained by the proposed
algorithm. From the table, it is seen that most of the networks are associated
with cancer. Various processes, those are associated with colon cancer like p53
signaling pathway and colorectal cancer, are also observed in the result. More-
over, the gene set is found to be highly associated with colorectal cancer disease
according to the OMIM disease database as analyzed by the functional annota-
tion tool of David.

5 Conclusion

The main contribution of the paper is to present a new gene selection algorithm
to identify disease genes. The proposed algorithm integrates judiciously the infor-
mation of gene expression profiles and protein-protein interaction networks. It
selects a set of genes from microarray data as disease genes by maximizing the
relevance and functional similarity of the selected genes. A new similarity mea-
sure is introduced to compute the functional similarity between two genes. It
is based on the information of protein-protein interaction networks. The perfor-
mance of the proposed algorithm, along with a comparison with other related
methods, is demonstrated on colorectal cancer data set. Extensive experimental
study on colorectal cancer establishes the fact that the genes identified by the
proposed method have more colorectal cancer genes than the genes identified by
the existing gene selection algorithms. All these results indicate that the pro-
posed method is quite promising and may become a useful tool for identifying
disease genes.
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