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a b s t r a c t 

One of the important problems in functional genomics is how to select the disease genes. 

In this regard, the paper presents a new gene selection algorithm, termed as RelSim, to 

identify disease genes. It integrates judiciously the information of gene expression pro- 

files and protein-protein interaction networks. A new similarity measure is introduced to 

compute the functional similarity between two genes. It is based on the information of 

protein-protein interaction networks. The new similarity measure offers an efficient way 

to calculate the functional similarity between two genes. The proposed algorithm selects a 

set of genes as disease genes, considering both microarray and protein-protein interaction 

data, by maximizing the relevance and functional similarity of the selected genes. While 

gene expression profiles are used to identify differentially expressed genes, the protein- 

protein interaction networks help to compute the functional similarity among genes. The 

performance of the proposed algorithm, along with a comparison with other related meth- 

ods, is demonstrated on several colon cancer data sets. 

© 2016 Elsevier Inc. All rights reserved. 

 

 

 

 

 

 

 

 

 

 

 

 

1. Introduction 

Genetic diseases 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 [28] . Identification of disease genes can help in increasing the survival chances of

a patient, and may also help to improve prognosis. It may also be helpful to upgrade the existing and develop advanced

diagnostic tools. Recent advancement and wide use of high-throughput biotechnologies have been producing an explosion

in using gene expression phenotype for understanding the function of disease genes [14] . Analyzing the difference of gene

expression 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 can be detected primarily by microarray
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studies [6,29] . In this background, microarray gene expression data has been widely used for identification of disease genes

using different feature selection algorithms [7,10,22,27,32,35,47] . 

In [11] , 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 dis-

ease gene is that its protein product is strongly linked to other disease-gene proteins indicating that they may involve in

same pathway. In this background, the protein-protein interaction (PPI) data [40] have been used in various studies to iden-

tify disease genes [2,31,34] . 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 inte-

gration methods have become popular to identify pleiotropic genes involved in the physiological cellular processes of many

diseases [15,22,24,35,45,50] . The integrated approaches assume that the protein products of disease genes tend to be close

to differentially expressed genes in the protein interaction network. However, most of the methods reported earlier con-

sidered gene expression and PPI data separately while selecting candidate genes. Also, none of the works mentioned above

addresses the problem of how to compute the functional similarity between two genes using PPI networks. 

In this regard, this paper presents a new gene selection algorithm, termed as RelSim, to identify disease genes. It selects

a set of genes as disease genes by maximizing the relevance and functional similarity of the selected genes. A new simi-

larity measure is introduced 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 cal-

culate the functional similarity between two genes. The mutual information is used to select differentially expressed genes

as disease genes using gene expression profiles, while the functional protein association network is used to study the mech-

anism of diseases. The performance of the proposed RelSim algorithm, along with a comparison with other related methods,

is demonstrated on several cancer data sets. An important finding is that the proposed algorithm is shown to be effective

for selecting relevant and functionally similar genes from microarray and PPI data, and the identified genes are significantly

linked with corresponding disease. Extensive experimental study on several colorectal cancer data sets also 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. 

The rest of the paper is organized as follows: Section 2 briefly reports some existing integrated approaches for disease

gene selection. Section 3 introduces a new gene-gene similarity measure, while Section 4 presents the proposed gene se-

lection algorithm for identification of disease genes. Experimental results and a comparison among different algorithms are

reported in Section 5 . Concluding remarks are given in Section 6 . 

2. Integrated methods for disease gene identification 

The integrated approaches for disease gene selection assume that the protein products of disease genes tend to be close

to differentially expressed genes in the PPI networks. This type of problem has been observed as equivalent to the set

cover problem in graph theory, which is NP-complete [16] . Hence, such a large scale protein networks can only be analyzed

with approximate, greedy algorithms. Chao et al. [45] developed a method by integrating gene expression data and the PPI

network data to prioritize cancer-associated genes. Zhao et al. [50] also proposed an approach by integrating gene expression

data and the PPI network data to select disease genes. Jia et al. [15] 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 [24] developed another approach to identify candidate 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. Another method is proposed by Wang et al. [25] for the construction of a gene-gene regulatory network. It

then adopts a random walk with restart method to mine genes related to Alzheimer’s disease. 

In [22] , minimum redundancy-maximum relevance (mRMR) [7] approach has been used to select a set of genes from ex-

pression data, while maximum relevance-maximum significance (MRMS) criterion [27] has been used in [35] . The selected

gene set is then used for identification of intermediate genes between a pair of selected genes using the PPI network data.

However, the mRMR criterion used in [22] selects a set of genes by maximizing the relevance and minimizing the redun-

dancy among the selected genes, while the MRMS criterion used in [35] selects genes by maximizing both the relevance and

significance among the selected genes. Unlike the relevance and significance measures, as the redundancy measure does not

take into account the supervised information of class labels, the mRMR criterion may not be always effective for identifica-

tion of disease genes [28,35] . Moreover, all the methods reported earlier consider gene expression and PPI data separately

while selecting candidate genes. 

Recently, Daniele et al. [5] proposed a new method, called CLAIM, to integrate co-expression data obtained through DNA

microarray analysis and PPI network data. The method is based on the separate clustering of microarray data and PPI data;

the clusters are then merged in a special graph and cliques of this graph are subsets of strongly connected proteins. The

CLAIM identifies small subsets of highly interacting proteins. A computational framework based on consensus p-median

clustering is proposed in [9] for discovering a link between gene expression profiles and drug responses. The main objec-

tive of this approach is to simultaneously predict anticancer responses by extracting common patterns among tumor cell
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lines, selecting genes that could potentially explain the therapy outcome and finally learning a probabilistic model able to

predict the therapeutic responses. This learning framework represents a promising approach predicting drug response in

tumor cells. Combining gene expression analysis with structural analysis of PPI networks, an approach is proposed in [41] to

identify genes associated with complex diseases. The methodology helps in finding not only differentially expressed genes

but also hub genes important in several biological processes. A penalized logistic regression approach, termed as GenePEN,

is described in [44] for sample classification via convex optimization. It uses pairwise elastic net penalty that favors the

selection of discriminative genes/proteins according to their connectedness in a molecular interaction graph. 

3. PPI network for computation of functional similarity 

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 [11] . 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 [20] , and that

interactive neighbors are more likely to have identical biological function than non-interactive ones [21] . 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, with nodes corresponding to proteins and edges representing

PPIs, and the network itself being undirected. The interactions include direct and indirect association, derived from several

sources. A strong sequence based similarity, a very frequent co-occurrence in documents, and similar results in experiments

between two proteins together account for the presence of an edge in the network. Two or more proteins, associating with

one another to perform a biological function, lead to the formation of an interaction edge between them in the PPI network.

The weights along the edges represent the confidence in the association under study, and depend on experimental as well as

predicted interaction information. Hence, the set of proteins/nodes, connected to a particular protein/node via the weighted

edges, forms the interactive neighborhood of the latter protein. 

Let N i be the set of interactive neighbors or successor genes of a candidate gene A i and ω ij ∈ [0, 1] is the weight value

of the edge between gene A j ∈ N i and candidate gene A i . The set of successors N i of gene A i and corresponding weight

value ω ij can be obtained from the information of PPI network. Let N ik be the set of genes, which are successors of both

genes A i and A k , that is, N ik = N i ∩ N k . Define ˜ N i = N i \ N ik as the set of genes those are successors of gene A i but not of

gene A k . The functional similarity between two genes A i and A k , having sets of successor genes N i and N k , respectively, is

as follows: 

S(A i , A k ) = 

∑ 

A j ∈N ik 
min { ω i j , ω k j } 

∑ 

A j ∈ ̃  N i 
ω i j + 

∑ 

A j ∈N ik 
max { ω i j , ω k j } + 

∑ 

A j ∈ ̃  N k 
ω k j 

. (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: 

(i) 0 ≤ S(A i , A k ) ≤ 1 . 

(ii) S(A i , A k ) = 1 if and only if two sets N i and N k contain exactly same set of successor genes, that is, N ik = N i = N k ,

and weight value ω i j = ω k j , ∀A j ∈ N ik . 

(iii) S(A i , A k ) = 0 if and only if N ik = ∅ . 
(iv) S(A i , A k ) = S(A k , A i ) (symmetric). 

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

S(A i , A k ) = 

|N i ∩ N k | 
|N i ∪ N k | ; (2) 

which is Jaccard index J(A i , A k ) . 

4. RelSim: proposed disease gene selection algorithm 

Recent advancement and wide use of high-throughput biotechnologies have been producing huge amount of gene ex-

pression 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
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tend to share common functional properties. 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, termed as RelSim. It integrates judiciously the gene

expression and PPI data, to identify pleiotropic genes involved in the physiological cellular processes of the disease. The

proposed 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 maximizing both relevance and functional similarity

of genes present in S . Let C = {A 1 , · · · , A i , · · · , A j , · · · , A m 

} be the set of m genes of a given microarray gene expression data

set and S is the set of selected genes. Define γ ( A i , D ) as the relevance of the gene A i with respect to the class labels D ,

while S(A i , A j ) as the functional similarity between two genes A i and A j . Hence, the total relevance of all selected genes

is 

J relevance = 

∑ 

A i ∈ S 
γ ( A i , D ) ; (3)

while the total functional similarity among the selected genes is 

J similarity = 

∑ 

A i 	 = A j ∈ S 
S(A i , A j ) . (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 maximize both J relevance and J similarity , that is, to maximize the objective function 

J = αJ relevance + (1 − α) J similarity ; (5)

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

1. Initialize C ← {A 1 , · · · , A i , · · · , A j , · · · , A m 

} , S ← ∅ . 
2. Calculate the relevance γ ( A i , D ) of each gene A i ∈ C . 

3. Select the gene A i as the most relevant gene that has the highest relevance value γ ( A i , D ) . In effect, A i ∈ S and C =
C \ A i . 

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 already-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 A j that maximizes the following condition: 

αγ ( A j , D ) + 

(1 − α) 

| S | 
∑ 

A i ∈ S 
S(A i , A j ) . (6)

As a result of that, A j ∈ S and C = C \ A j . 

7. Stop. 

Since the proposed algorithm aims to maximize both relevance and functional similarity, the gene evaluation criterion

used in the proposed method is termed as maximum relevance-maximum functional similarity (MRMFS) criterion, while

the proposed gene selection algorithm is termed as RelSim. 

4.1. Computational complexity 

The proposed gene selection algorithm has low computational complexity with respect to the number of genes in the

original microarray gene expression data set. The computation of the relevance of m genes is carried out in step 2 of the

proposed algorithm, which has a time complexity of O(m ) . The selection of most relevant gene from the set of m genes,

which is carried out in step 3, has also a complexity of O(m ) . There is only one loop in step 4 of the proposed gene

selection method, which needs to be executed (d − 1) times, where d is the desired number of genes to be selected. The

computation of functional similarity of a candidate gene with respect to a gene in the already-selected set of genes takes

O(n 2 
0 
) time, where n 0 is the average number of neighbors to a protein in the PPI network. If ˜ m represents the cardinality of

the already-selected set of genes, then the total complexity to compute the functional similarity of (m − ˜ m ) candidate genes,

which is carried out in step 5, is O((m − ˜ m ) n 2 
0 
) . The selection of a gene from (m − ˜ m ) candidate genes by maximizing both

relevance and functional similarity, which is carried out in step 6, has also a complexity O(m − ˜ m ) . In effect, the selection

of a set of d relevant and functionally similar genes from the whole set of m genes using the proposed algorithm has an

overall computational complexity of O(m ) + O(m ) + O(d(m − ˜ m ) n 2 
0 
) = O(m n 2 

0 
) since d, ˜ m << m . 

4.2. Computation of relevance 

The mutual information is used to calculate the relevance of a gene with respect to the class labels. The relevance

γ ( A i , D ) of the gene A i with respect to the class label D using mutual information can be calculated as follows: 

γ ( A i , D ) = I(A i , D ) ; (7)
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where I(A i , D ) represents the mutual information between gene A i and class label D that is given by 

I(A i , D ) = H(A i ) + H(D ) − H(A i , D ) . (8)

Here, H(A i ) and H(D ) represent the entropy of gene A i and class label D , respectively, and H(A i , D ) is the joint entropy

between A i and D . The entropy is a measure of uncertainty of random variables. If a discrete random variable X has X 

alphabets and the probability density function is p(x ) = Pr { X = x } , x ∈ X , the entropy of X is defined as 

H(X ) = −
∑ 

x ∈X 
p(x ) log p(x ) . (9) 

Similarly, joint entropy of two random variables X with X alphabets and Y with Y alphabets is given by 

H(X, Y ) = −
∑ 

x ∈X 

∑ 

y ∈Y 
p(x, y ) log p(x, y ) ; (10) 

where p ( x , y ) is the joint probability density function. 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 of a gene are

divided into several discrete partitions. The a prior (marginal) probabilities and the joint probability are then calculated

to compute the gene-class relevance. In this paper, the discretization method reported in [7] 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 ) is transformed to state 1; any value

between (μ − σ ) and (μ + σ ) is transformed to state 0; any value smaller than (μ − σ ) is transformed to state −1. These

three states correspond to the over-expression, baseline, and under-expression of genes. 

4.3. Computation of functional similarity 

The proposed similarity measure, based on the information of PPI data, is used for computing the functional similarity

between two genes. The initial weighted PPI network is retrieved from STRING (Search Tool for the Retrieval of Interacting

Genes) [42] , which is a large database of known and predicted protein interactions. Proteins in the interaction network are

represented with nodes, while the interaction between any two proteins therein is represented with an edge. These inter-

actions contain direct (physical) and indirect (functional) interactions, derived from numerous sources such as experimental

repositories and computational prediction methods. In the network, each edge is marked with a score to quantify the inter-

action confidence, that is, the likelihood that an interaction may occur [42] . The confidence in the interaction between two

proteins is used as the weightage of each interaction in the current study. 

5. Experimental results and discussion 

This section presents the performance of the proposed gene selection algorithm, termed as RelSim, which is based on

maximum relevance-maximum functional similarity (MRMFS) criterion. The performance of the proposed MRMFS criterion 

is compared with that of several other criteria, namely, maximum relevance (MR), minimum redundancy-maximum rele-

vance (mRMR) [7] , and maximum relevance-maximum significance (MRMS) [27] . Finally, the performance of the proposed

RelSim algorithm is compared with that of some existing integrated methods for disease gene selection. The algorithms com-

pared are MR + PPIN [28] , mRMR + PPIN [22] , MRMS + PPIN [35] , CLAIM [5] , and GenePEN [44] . To evaluate the performance

of different criteria and methods for disease gene selection, total five microarray data sets, namely, GSE25070, GSE10950,

GSE4 988, GSE44 861, and GSE11223, related to colon cancer, are used. Each data set is pre-processed by standardizing each

sample to zero mean and unit variance. The software version of the RelSim algorithm, along with supplementary material,

is available at www.isical.ac.in/ ∼bibl/results/relsim/relsim.html . 

5.1. Optimum value of weight parameter 

The weight parameter α in (6) regulates the relative importance of the functional similarity of the candidate gene with

respect to the already-selected genes and the relevance with the output class. If α is one, only the relevance with the

output class is considered for each gene. The presence of an α value lower than one is crucial in order to obtain disease

related genes. If the functional similarity between two genes is not taken into account, selecting the genes with the highest

relevance with respect to the output class may tend to produce a set of genes that are not functionally similar. In effect, it

may leave out useful information of disease genes. On the other hand, if α is zero, the genes are selected based on their

similarity values only without considering the relevance of each gene. In effect, the selected gene set may contain a number

of irrelevant genes. Hence, the value of weight parameter α should be in between zero and one in order to obtain good

results, that is, 0 < α < 1. 

In order to find out the optimum value of weight parameter α, extensive experimentation is carried out on five microar-

ray data sets, and corresponding results are reported in Tables 1 and 2 for four data sets, namely, GSE25070, GSE10950,

GSE4 988, and GSE44 861, as examples. The performance of the proposed method for different values of α is evaluated in

http://www.isical.ac.in/bibl/results/relsim/relsim.html
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Table 1 

Degree of overlapping with known colon cancer gene lists for different values of weight parameter. 

Data List Different values of weight parameter Data List Different values of weight parameter 

sets used 0 .1 0 .2 0 .3 0 .4 0 .5 0 .6 0 .7 0 .8 0 .9 sets used 0 .1 0 .2 0 .3 0 .4 0 .5 0 .6 0 .7 0 .8 0 .9 

LIST-1 1 18 14 15 14 13 12 12 12 LIST-1 19 15 10 10 11 10 10 10 10 

GSE LIST-2 4 25 27 29 28 28 27 27 26 GSE LIST-2 2 2 3 3 3 3 3 3 3 

25070 LIST-3 2 16 13 12 12 12 12 12 11 4988 LIST-3 2 3 2 2 1 1 1 1 1 

LIST-2-3 5 31 32 33 32 32 31 31 30 LIST-2-3 4 5 5 5 4 4 4 4 4 

LIST-1-2-3 6 45 42 44 42 41 39 39 38 LIST-1-2-3 23 20 15 15 15 14 14 14 14 

LIST-1 21 21 16 16 13 12 13 13 12 LIST-1 17 18 16 17 16 17 16 14 13 

GSE LIST-2 3 3 4 3 3 3 3 3 3 GSE LIST-2 5 8 4 5 8 8 9 10 12 

10950 LIST-3 5 6 2 1 1 1 1 1 1 44861 LIST-3 4 5 4 4 5 5 5 5 6 

LIST-2-3 6 7 5 3 3 3 3 3 3 LIST-2-3 8 12 7 8 11 11 11 12 14 

LIST-1-2-3 27 28 21 19 16 15 16 16 15 LIST-1-2-3 25 29 23 25 27 28 27 26 27 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 on the basis of the overlap level with three gene lists, named LIST-1, LIST-2, and LIST-3. LIST-1 is a gene set of 742

genes, which are related to different forms of cancer. This list is a compilation of genes obtained from the Cancer Gene Cen-

sus of the Sanger Centre, Atlas of Genetics and Cytogenetic in Oncology, and Human Protein Reference Database. Both LIST-2

and LIST-3 are sets of genes known to be associated to colon cancer. While LIST-2 is a collection of 438 genes prepared by

Sabatas-Bellver et al. [36] , LIST-3 contains 134 genes prepared by Nagaraj and Reverter [30] . For four colon cancer expression

data sets, 100 top-ranked genes are selected by the proposed algorithm for different values of α. From the results reported

in Table 1 , it can be seen that the degree of overlapping of the proposed method is higher for α = 0 . 2 than that of other

values of α in most of the cases, irrespective of the gene lists and microarray data sets used. Similar results are also found

for GSE11223 data set. 

Table 2 compares the performance of the proposed method for different values of α on five microarray data sets with

respect to gene ontology (GO), KEGG pathways, and disease ontology (DO). The definitions of different terms used in

Table 2 are given in Appendix. The biological significance for the generated set of genes can be analyzed using the ClueGO

software (version 1.8) [1] . It combines the KEGG/BioCarta pathways with the GO terms. The terms in the network are linked

using kappa statistics. The ClueGO computes enrichment score for the GO terms and pathways identified, based on hyper-

geometric distribution. The significance of any GO term/pathway to a group of genes is represented using the corrected

p -value. A lower p -value is used to denote a higher significance of annotated term. Table 2 compares the performance of

different values of α with respect to gene products in terms of their associated biological processes, molecular functions,

and cellular components, along with respective p -values. This table also presents KEGG pathway enrichment and DO based

analysis of the obtained gene sets for different values of α on five data sets. The DO aims to provide an open source ontol-

ogy for the integration of biomedical data that is associated with human disease. The DOSE package in R is used to perform

the DO based analysis. 

The sets of genes selected by the proposed method, particularly with α = 0 . 2 , annotate to some important GO terms

such as “response to lipid” (P46) and “actomyosin structure organization” (P1). Both positive and negative ways, lipids affect

the growth of colon cancer. Serum lipids have been shown to be present in increased quantities, while phospholipids are

present in decreased quantities in people with colon tumors. Lipid droplets have been shown to be markers for the presence

of colorectal stem cells [43] . Actomysin is known to mediate cellular tension, which increases the stiffness of tissues and

activate β-catenin that in-turn induces tumor growth. Cytokines are known to play a variety of roles in colorectal cancer

associated pathways. Several evidences exist to suggest the significance of cytokines in various biological responses, like

hematopoiesis, oncogenesis, inflammation, cell growth monitoring, survival and differentiation. The “cytokine-cytokine recep-

tor interaction” (K11) is known to induce a cascade of signaling pathways, for example, the interaction of TNF α and IL1 β
with their respective receptors activates the “NF-kappa B signaling pathway” (K25), while IL-6 with its receptor gp130 acti-

vates STAT3, a major oncogenic transcription factor. Several other such interactions exist, which demonstrate the importance

of cytokine interaction in colorectal cancer [13] . The “Jak-STAT signaling pathway” (K21) is known to be intensely involved

in the growth and progression of colorectal cancer. They are known to be associated with cell growth, survival, invasion

and motility through regulation of genes like BCL2, P16, VEGF, MMPs, etc. [46] . “T cell receptor signaling pathway” (K34) also

bears a strong association to cytokines. It is closely involved in promoting a number of signaling cascades that ultimately

determine cell fate through regulating cytokine production, cell survival, proliferation, and differentiation. T-cells play an im-

portant role in most immune system processes [3] . The proposed method with α = 0 . 2 also identifies a set of genes, which

annotates to disease terms like “colon carcinoma” (D6) and “colorectal cancer” (D7), with significantly lower p -values. 

Fig. 1 represents the functionally grouped annotation network generated using the ClueGO plugin (version 2.1.6) [1] inte-

grated in Cytoscape [38] . The plugin aims to represent the ontology and pathway information associated with one or many

groups of genes graphically. The generated network helps to analyze the relationship between the associated genes and an-

notated terms. Fig. 1 shows the annotation network for the set of genes obtained using the RelSim algorithm with α = 0 . 2

for GSE25070 as an example. It shows that the selected gene set is associated with several pathways, which play an impor-

tant role in several aspects of colon cancer growth. The term “cytokine-cytokine receptor interaction” (K11) is annotated with
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Table 2 

Performance analysis for different values of weight parameter using gene ontology, disease ontology, and KEGG pathway. 

Data 0 .1 0 .2 0 .3 0 .4 0 .5 0 .6 0 .7 0 .8 0 .9 

Sets Term p -value Term p -value Term p -value Term p -value Term p -value Term p -value Term p -value Term p -value Term p -value 

P33 8.12E −57 P46 9.29E −27 P50 2.54E −07 P50 1.05E −05 P50 7.57E −05 P49 3.81E −04 P50 6.52E −04 P50 6.52E −04 P50 4.50E −03 

C23 4.65E −23 C27 3.42E −09 C28 2.94E −03 C28 3.53E −03 C1 2.31E −07 C1 3.85E −07 C1 3.85E −07 C1 3.85E −07 C1 3.85E −07 

GSE25070 F10 3.83E −18 F9 9.19E −20 F12 8.04E −11 F12 9.19E −07 F12 8.67E −06 F12 7.37E −06 F17 8.55E −04 F17 8.55E −04 F17 7.54E −04 

K31 8.12E −57 K11 4.22E −16 K37 2.54E −07 K37 1.05E −05 K37 7.57E −05 K35 3.81E −04 K37 6.52E −04 K37 6.52E −04 K37 4.50E −03 
∗ ∗ D6 1.24E −05 D6 8.13E −04 D6 1.19E −02 D11 1.52E −08 D11 2.30E −07 D11 7.99E −08 D11 7.99E −08 D11 6.05E −08 

P44 1.22E −31 P36 2.35E −36 P1 2.40E −05 P41 4.78E −05 P41 6.99E −04 P41 7.78E −04 P41 6.67E −04 P41 6.35E −04 P41 5.72E −04 

C18 4.44E −13 C30 7.25E −17 C2 1.86E −05 C9 6.84E −04 C9 4.56E −04 C9 3.42E −04 C9 3.42E −04 C9 3.42E −04 C9 3.42E −04 

GSE10950 F9 5.89E −08 F9 3.00E −12 F37 2.27E −03 F30 1.82E −03 F30 1.52E −03 F30 1.52E −03 F30 1.52E −03 F30 1.21E −03 F19 1.57E −03 

K29 2.78E −16 K34 2.89E −16 K2 1.48E −03 K4 1.34E −02 K4 8.39E −03 K4 6.93E −03 K4 4.94E −03 K17 5.19E −03 K17 3.24E −03 

D7 2.28E −12 D7 5.54E −15 D7 6.21E −03 D7 1.90E −02 D4 4.65E −02 D18 2.81E −02 D18 3.01E −02 D3 4.12E −02 ∗ ∗

P27 1.44E −35 P27 1.55E −29 P6 2.32E −05 P42 4.89E −04 P8 8.32E −05 P8 8.54E −05 P8 7.67E −05 P8 7.67E −05 P8 7.67E −05 

C30 1.77E −20 C30 3.47E −17 C6 7.76E −03 C19 6.44E −03 C19 4.83E −03 C19 4.83E −03 C19 4.83E −03 C19 4.83E −03 C19 4.83E −03 

GSE4988 F9 4.62E −16 F9 4.30E −16 F11 1.31E −05 F11 9.04E −06 F11 5.65E −06 F11 4.52E −06 F11 4.52E −06 F11 4.52E −06 F11 4.52E −06 

K27 1.86E −12 K25 1.96E −15 K27 1.27E −03 K19 4.82E −04 K19 2.88E −04 K1 1.70E −02 K1 1.70E −02 K1 1.70E −02 K1 1.70E −02 

D7 1.73E −10 D7 7.27E −09 D19 2.04E −04 D13 5.51E −03 D13 5.29E −03 D13 4.98E −03 D13 4.41E −03 D13 4.41E −03 D13 4.41E −03 

P14 5.77E −18 P14 7.68E −19 P14 7.33E −19 P19 1.08E −21 P19 7.54E −23 P19 8.25E −22 P4 2.23E −17 P4 2.25E −15 P20 3.46E −09 

C5 2.04E −11 C5 2.04E −11 C31 4.42E −09 C17 9.13E −33 C17 8.48E −33 C17 9.13E −33 C17 2.68E −24 C17 1.05E −22 C17 5.72E −18 

GSE44861 F31 3.22E −12 F32 5.97E −10 F32 4.38E −11 F36 1.39E −07 F35 8.61E −08 F35 6.43E −07 F35 8.65E −07 F35 6.72E −07 F35 8.65E −07 

K18 9.03E −11 K18 8.81E −11 K18 8.48E −11 K18 6.60E −12 K18 3.05E −11 K18 2.18E −10 K18 3.00E −06 K8 4.08E −06 K8 4.20E −05 

D7 1.77E −10 D7 4.84E −10 D7 1.79E −13 D7 1.88E −12 D7 2.44E −12 D6 7.17E −11 D6 1.17E −09 D6 1.12E −07 D6 1.29E −07 

P15 3.26E −53 P15 1.02E −51 P15 1.05E −51 P15 1.17E −51 P27 8.35E −36 P43 9.09E −22 P2 9.70E −07 P28 1.49E −05 P45 5.94E −04 

C11 1.52E −24 C11 1.91E −24 C11 1.91E −24 C11 4.85E −23 C11 3.41E −19 C11 8.50E −12 C26 1.55E −03 C12 5.96E −03 C12 7.46E −03 

GSE11223 F9 3.79E −30 F9 1.96E −28 F9 5.71E −27 F9 6.68E −30 F9 1.64E −25 F9 8.14E −14 F18 4.05E −04 F18 2.94E −04 F24 3.48E −03 

K11 1.68E −28 K11 8.76E −26 K11 3.22E −24 K11 3.17E −24 K11 4.76E −21 K21 3.24E −13 K14 4.40E −06 K10 2.68E −05 K10 1.65E −05 

D7 5.77E −06 D7 2.87E −07 D7 4.98E −08 D7 4.64E −08 D7 5.71E −10 D7 2.15E −08 D7 3.44E −04 D7 2.63E −02 D16 2.38E −05 
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Fig. 1. Functionally grouped annotation network, group view for 100 genes obtained by the RelSim with α = 0 . 2 on GSE25070. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the lowest corrected p -value of 5.42E-18. The importance of this term to colon carcinogenesis has already been elaborated

above. The set of genes identified by the proposed RelSim is also closely associated with the term “Pathways in Cancer”

(K29) with a significantly lower p -value of 1.47E-13. “TNF signaling pathway” (K37) is marked with a low p -value of 4.41E-

12. Tumor necrosis factors are a multifunctional cytokine, regulating a wide range of cellular events beginning from cell

survival, proliferation to cell death [39] . It is responsible for activating several signaling pathways like NF-kappa B signaling

pathway and c-Jun N-terminal kinase (JNK). The “NF-kappa B signaling pathway” (K25) is also annotated by the selected

set of genes with a p -value of 1.39E-04. NF-kappa B is a transcription factor that participates in the induction of several

genes for cytokines and enzymes that play important functional roles in various cell types. They are known to promote

proliferation of cancer cells [12] . The terms like “Jak-STAT signaling pathway” (K21) and “T cell receptor signaling pathway”

(K34) are annotated with relatively lower p -values of 8.16E-09 and 5.61E-06, respectively. “Rheumatoid arthritis” ( p -value =
1.45E-08) and its association to cancer is a vast area of research, where it is said that blocking of tumor necrosis factors

might elevate the risk of malignancy in patients suffering from it. “HIF-1 signaling pathway” ( p -value = 5.39E-08) plays di-

vergent roles in colorectal cancer growth and progression. HIF-1 α and HIF-2 α are two regulatory subunits of HIF-1 and

HIF-2, where the deficiency of the former inhibits tumor growth, while that of the latter is known to stimulate the growth.

HIF-2 α has been shown to regulate multiple aspects of digestive system cancers, including cell proliferation, angiogenesis

and apoptosis, metabolism, metastasis and resistance to chemotherapy [49] . “Toll-like receptor signaling pathway”, annotated

with a p -value of 6.57E-06, involves the toll-like receptors (TLRs) as the immune sensors of a cell. TLRs have been shown

to mediate inflammatory responses and maintain homeostatis in epithelial barriers, and are known to be involved in the

activation of several pathways following cancer therapy [23] . Some other important terms, annotated by the set of selected

genes, are “Inflammatory bowel disease” and “FoxO signaling pathway” (K14) with p -values of 1.68E-06 and 6.29E-06, respec-

tively. FoxO pathways are known to be involved in the cisplatin action and resistance. They are known to participate in a

variety of cellular processes such as cell cycle progression, programmed cell death, stress detoxification, DNA damage repair,

glucose metabolism and differentiation [8] . They are also known as down-stream effectors of “PI3K-Akt signaling pathway”

( p -value = 2.10E-07). The “MAPK signaling pathway” ( p -value = 7.76E-05) and “PI3K-Akt signaling pathway” are activated by

FOXC2, thereby promoting cell proliferation [4] . The selected gene set is also annotated to some other terms like “apoptosis”,

“colorectal cancer”, and “p53 signaling pathway” with p -values of 9.01E-05, 1.14E-05, and 2.01E-04, respectively. These terms

are known to play an active role in formation and spread of colorectal cancer. “Chemokine signaling pathway” ( p -value =
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Fig. 2. PPI network for 100 genes obtained by the RelSim algorithm with α = 0 . 2 for GSE25070: genes marked in yellow are known disease genes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.07E-05) and “adipocytokine signaling pathway” ( p -value = 2.55E-05) are known to play pivotal roles in tumor progression

and metastasis. The chemokine pathways are found to be altered in many malignancies. They are involved in tumor growth,

senescence, angiogenesis, epithelial mesenchymal transition, metastasis and immune evasion [37] . 

Fig. 2 shows the PPI network for the 100 genes selected using the proposed RelSim algorithm with α = 0 . 2 for GSE25070

data set as an example. The network is generated using the STRING database. The level of interaction between the selected

set of genes and the proteins of STRING database is measured by their confidence scores. For the sake of simplicity and

clarity, associations with confidence level below 0.4 are omitted from the network. Such a confidence threshold leads to the

loss of 15 genes from the network. So, associations of some of these genes with the confidence score lower than 0.4 are

also included. However, three genes, namely, MAL , MMP12 , and CSPG2 , remain isolated in the network as they are asso-

ciated with other selected genes with confidence values less than 0.15. The constructed PPI network validates the concept

of functional similarity introduced in the proposed work. Several small clusters of disease related genes can be found. For

example, the set of four genes, namely, CA4 , CA1 , SCG2 , and SST , forms a connected component. Another such component

is formed by CCL21 , CCL20 , CXCL10 , CXCL1 , and GHR . Several other such associations can also be seen in the PPI network. 

5.2. Importance of MRMFS criterion 

The proposed RelSim method is based on the MRMFS criterion. In order to establish the importance of the MRMFS crite-

rion over other criteria, namely, MR, MRMS, and mRMR, extensive experiments are carried out and the comparative results

are reported in Tables 3 and 4 . While the gene selection using MR, MRMS, and mRMR criteria is based on gene expression

data alone, the MRMFS criterion is based on both gene expression and PPI network data. The results corresponding to t -test

are also reported in these tables for comparative analysis as t -test based gene selection algorithm uses the MR criterion. 
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Table 3 

Degree of overlapping with known colon cancer gene lists and P-value for genes identified by different criteria. 

List Different GSE25070 GSE10950 GSE4988 GSE44861 GSE11223 

used criteria Overlap p -value Overlap p -value Overlap p -value Overlap p -value Overlap p -value 

t -test 3 7.71E −01 4 5.74E −01 7 1.20E −01 9 1.90E −02 4 5.74E −01 

MR 6 2.13E −01 5 3.74E −01 4 5.74E −01 8 4.78E −02 8 4.78E −02 

LIST-1 mRMR 5 3.74E −01 8 4.78E −02 4 5.74E −01 12 6.59E −04 4 5.74E −01 

MRMS 6 2.13E −01 6 2.13E −01 4 5.74E −01 9 1.90E −02 9 1.90E −02 

MRMFS 18 8.28E −08 21 3.65E −10 15 1.04E −05 18 8.28E −08 17 4.44E −07 

t -test 32 2.68E −29 1 8.81E −01 0 1.0 0E + 0 0 3 3.52E −01 8 1.24E −03 

MR 24 5.50E −19 2 6.25E −01 1 8.81E −01 12 1.27E −06 5 6.00E −02 

LIST-2 mRMR 22 1.22E −16 2 6.25E −01 1 8.81E −01 4 1.60E −01 5 6.00E −02 

MRMS 25 3.39E −20 2 6.25E −01 0 1.0 0E + 0 0 11 8.28E −06 5 6.00E −02 

MRMFS 25 3.39E −20 3 3.52E −01 2 6.25E −01 8 1.24E −03 5 6.00E −02 

t -test 6 3.50E −05 1 4.60E −01 0 1.0 0E + 0 0 1 4.60E −01 1 4.60E −01 

MR 9 1.09E −08 1 4.60E −01 0 1.0 0E + 0 0 6 3.50E −05 3 2.36E −02 

LIST-3 mRMR 10 5.70E −10 0 1.0 0E + 0 0 0 1.0 0E + 0 0 2 1.25E −01 3 2.36E −02 

MRMS 10 5.70E −10 0 1.0 0E + 0 0 0 1.0 0E + 0 0 5 3.77E −04 3 2.36E −02 

MRMFS 16 1.35E −18 6 3.50E −05 3 2.36E −02 5 3.77E −04 7 2.74E −06 

t -test 33 2 0 4 9 

MR 25 3 1 14 7 

LIST-2-3 mRMR 23 2 1 5 7 

MRMS 26 2 0 13 7 

MRMFS 31 7 5 12 9 

t -test 36 6 7 13 13 

MR 30 8 5 22 15 

LIST-1-2-3 mRMR 27 10 5 17 11 

MRMS 31 8 4 22 16 

MRMFS 45 28 20 29 26 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3 compares the performance of different criteria with respect to the degree of overlapping with three cancer gene

lists, namely, LIST-1, LIST-2, and LIST-3. For five colorectal cancer expression data sets, 100 top-ranked genes are selected

by each gene selection criterion for further analysis, and finally, the statistical significance analysis is performed on each

identified gene set with respect to both known cancer and colorectal cancer genes. From the results reported in Table 3 , it

can be seen that the degree of overlapping of the MRMFS criterion is higher than that of all other criteria, with respect to

LIST-1 and LIST-3. Also, the performance of the proposed MRMFS criterion is better than that of other criteria with respect to

LIST-2 in most of the cases. Considering three gene lists and five data sets, the proposed MRMFS criterion attains best results

in 11 cases out of total 15 cases, while both t -test and MR criterion achieve it in 2 cases each. The overall performance of

the proposed criterion over two and three lists taken together is much better than the other gene selection criteria. Out of

total 10 cases for five data sets and two combined gene lists, namely, LIST-2-3 and LIST-1-2-3, the proposed MRMFS criterion

achieves best results in 8 cases. Using the Fisher’s exact test, statistical significance analysis of the overlapped genes is done

for three gene lists. All the results reported in Table 3 indicate that the overlap between the gene set obtained by the

MRMFS criterion and the three gene lists is quite high and significantly better compared to the other criteria enlisted in

most of the cases. 

Table 4 compares the performance of different gene selection criteria with respect to gene products in terms of their

associated biological processes, molecular functions, and cellular components, along with respective p -values. The KEGG

pathway enrichment and DO based analysis of the obtained gene sets for different criteria are also presented in this table.

The definitions of different terms used in Table 4 are given in Appendix. Analyzing all the results reported in Table 4 , it

can be seen that the proposed criterion annotates to relevant terms with significantly lower p -values for all data sets. The

significance of these terms has already been established in Section 5.1 . The gene set obtained using the proposed MRMFS

criterion annotates precisely to disease related terms with significantly lower p -values, and also are involved in pathways

that play an important role in colorectal cancer development and progression. 

From all the results reported in Tables 3 and 4 , it can be seen that the MRMFS criterion, which is based on both gene

expression data and PPI network, outperforms other criteria those depend on only gene expression data. A significantly

better performance is obtained for the proposed MSMFS criterion due to the fact that it considers both gene expression and

PPI network data while selecting a gene as a candidate disease gene. Also, both relevance and functional similarity measures

used in the MRMFS criterion consider an already-selected gene and a candidate gene. 

5.3. Performance of different integrated methods 

Finally, the performance of the proposed RelSim algorithm is compared with that of MR + PPIN [28] , mRMR + PPIN [22] ,

MRMS + PPIN [35] , CLAIM [5] , and GenePEN [44] . Tables 5 , 6 , and 7 analyze the comparative performance of different meth-
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Table 4 

Performance analysis of different criteria using gene ontology, disease ontology, and KEGG pathway. 

Data Different Biological processes Cellular components Molecular functions KEGG pathway Disease ontology 

used criteria Term p -value Term p -value Term p -value Term p -value Term p -value 

t -test P22 5.42E −07 ∗ ∗ F14 2.86E −05 K32 4.82E −04 D20 4.12E −05 

MR P22 5.69E −06 ∗ ∗ F4 3.05E −04 K26 2.09E −04 D2 3.65E −11 

GSE25070 mRMR P10 7.51E −03 C14 2.28E −03 F6 1.43E −03 ∗ ∗ D21 4.03E −05 

MRMS P22 1.62E −04 ∗ ∗ F14 5.08E −06 K13 2.12E −03 D11 4.77E −07 

MRMFS P46 9.29E −27 C27 3.42E −09 F9 9.19E −20 K11 4.22E −16 D6 1.24E −05 

t -test P29 4.06E −03 ∗ ∗ F5 1.99E −04 K39 3.55E −03 ∗ ∗

MR P40 2.75E −03 ∗ ∗ F22 1.05E −03 ∗ ∗ ∗ ∗

GSE10950 mRMR P13 1.58E −03 ∗ ∗ F15 2.91E −03 ∗ ∗ ∗ ∗

MRMS P40 7.17E −03 ∗ ∗ F15 2.46E −03 ∗ ∗ ∗ ∗

MRMFS P36 2.35E −36 C30 7.25E −17 F9 3.00E −12 K34 2.89E −16 D7 5.54E −15 

t -test ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

MR P47 5.24E −03 ∗ ∗ F11 1.18E −03 K24 1.19E −02 ∗ ∗

GSE4988 mRMR P30 1.90E −03 ∗ ∗ F11 3.06E −03 K15 2.69E −02 ∗ ∗

MRMS P47 4.19E −03 C13 1.04E −03 F11 1.72E −03 ∗ ∗ ∗ ∗

MRMFS P27 1.55E −29 C30 3.47E −17 F9 4.30E −16 K25 1.96E −15 D7 7.27E −09 

t -test ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

MR P26 2.57E −03 C7 4.99E −04 ∗ ∗ ∗ ∗ D6 7.27E −06 

GSE44861 mRMR P24 1.60E −04 ∗ ∗ F28 6.39E −03 ∗ ∗ ∗ ∗

MRMS P3 1.38E −03 C7 6.51E −03 ∗ ∗ ∗ ∗ D1 6.62E −06 

MRMFS P14 7.68E −19 C5 2.04E −11 F32 5.97E −10 K18 8.81E −11 D7 4.84E −10 

t -test P9 7.06E −03 ∗ ∗ F7 1.91E −03 ∗ ∗ ∗ ∗

MR P17 6.26E −04 C8 6.00E −03 ∗ ∗ K33 4.54E −03 ∗ ∗

GSE11223 mRMR P34 1.40E −03 C8 5.29E −03 F26 1.09E −03 ∗ ∗ ∗ ∗

MRMS P48 3.43E −03 C8 5.47E −03 ∗ ∗ K22 2.31E −03 D8 4.11E −02 

MRMFS P15 1.02E −51 C11 1.91E −24 F9 1.96E −28 K11 8.76E −26 D7 2.87E −07 

Table 5 

Classification accuracy of different integrated methods for five microarray data sets. 

Microarray Accuracy (%) of different integrated methods 

Data sets MR + PPIN mRMR + PPIN MRMS + PPIN CLAIM GenePEN RelSim 

GSE25070 100 100 96 .15 100 100 100 

GSE10950 100 100 100 100 100 100 

GSE4988 100 100 100 85 .00 90 .00 100 

GSE44861 84 .68 79 .28 82 .88 90 .99 84 .68 85 .59 

GSE11223 80 .69 82 .67 79 .70 66 .83 69 .80 73 .76 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ods with respect to the classification accuracy, degree of overlapping with known gene lists, GO, DO and KEGG pathways

based analysis. 

Table 5 compares the performance of different integrated methods with respect to the classification accuracy of k -nearest

neighbor rule. It classifies samples based on closest training samples in the feature space. A sample is classified by a major-

ity vote of its k -neighbors, with the sample being assigned to the class most common amongst its k -nearest neighbors. The

value of k , chosen for the k -nearest neighbor rule, is the square root of the number of samples in training set. To compute

the classification accuracy of the k -nearest neighbor rule, leave-one-out cross-validation is performed on each gene expres-

sion data set. All the results reported in Table 5 establish the fact that the proposed RelSim algorithm achieves highest

classification accuracy for three data sets and comparable performance with that of existing methods in remaining two data

sets. 

Table 6 compares the performance of the proposed RelSim algorithm with that of different integrated methods, namely,

MR + PPIN, mRMR + PPIN, MRMS + PPIN, CLAIM, and GenePEN, with respect to the degree of overlapping with three gene

lists. From all the results reported in this table, it can be seen that the proposed method achieves highest degree of over-

lapping in most of the cases with significantly lower p -values as compared to other existing methods. Also, for LIST-2-3 and

LIST-1-2-3, the performance of the proposed RelSim is much better than that of other integrated methods compared. Out of

total 10 cases for five data sets and two combined gene lists, namely, LIST-2-3 and LIST-1-2-3, the proposed method achieves

best results in 6 cases, while its performance is comparable with that of the existing methods in remaining four cases. The

overlap between the gene sets obtained by the RelSim and all gene lists is significantly higher as compared to existing in-

tegrated methods. Out of total 25 cases, the proposed method achieves best performance in 12 cases, while MRMS + PPIN

[35] , CLAIM [5] , and GenePEN [44] attain it in 2, 5, and 6 cases, respectively. 
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Table 6 

Degree of overlapping with known colon cancer gene lists and P-value for genes identified by different integrated methods. 

List Integrated GSE25070 GSE10950 GSE4988 GSE44861 GSE11223 

used methods Overlap p -value Overlap p -value Overlap p -value Overlap p -value Overlap p -value 

LIST-1 MR + PPIN 9 2.84E −05 2 1.91E −01 7 5.59E −03 1 5.59E −01 5 3.74E −01 

mRMR + PPIN 8 1.91E −04 3 2.92E −01 5 5.67E −02 1 3.08E −01 6 1.07E −01 

MRMS + PPIN 21 2.00E −10 5 6.90E −02 10 2.73E −03 1 4.81E −01 4 5.74E −01 

CLAIM 4 5.74E −01 5 3.74E −01 7 1.07E −01 10 6.83E −03 7 1.07E −01 

GenePEN 19 1.45E −08 22 5.30E −11 8 4.78E −02 24 9.40E −13 8 1.58E −02 

RelSim 18 8.28E −08 21 3.65E −10 15 1.04E −05 18 8.28E −08 17 4.44E −07 

LIST-2 MR + PPIN 7 2.10E −05 2 6.54E −02 2 3.15E −01 1 3.46E −01 4 1.60E −01 

mRMR + PPIN 4 1.06E −02 3 7.60E −02 3 9.61E −02 1 1.74E −01 1 8.22E −01 

MRMS + PPIN 15 1.76E −09 2 3.22E −01 5 3.81E −02 1 2.88E −01 2 6.25E −01 

CLAIM 10 4.89E −05 3 3.52E −01 3 3.52E −01 18 2.88E −12 6 1.90E −02 

GenePEN 6 1.90E −02 5 6.00E −02 3 3.52E −01 3 3.52E −01 2 5.11E −01 

RelSim 25 3.39E −20 3 3.52E −01 2 6.25E −01 8 1.24E −03 5 6.00E −02 

LIST-3 MR + PPIN 5 5.00E −06 1 1.16E −01 0 1.00E + 00 0 1.00E + 00 4 3.34E −03 

mRMR + PPIN 3 2.02E −03 1 2.51E −01 0 1.00E + 00 1 5.38E −02 2 8.82E −02 

MRMS + PPIN 11 1.90E −11 1 2.87E −01 1 4.18E −01 0 1.00E + 00 2 1.25E −01 

CLAIM 2 1.25E −01 1 4.60E −01 1 4.60E −01 10 5.70E −10 3 2.36E −02 

GenePEN 11 2.66E −11 7 2.74E −06 2 1.25E −01 1 4.60E −01 3 1.35E −02 

RelSim 16 1.35E −18 6 3.50E −05 3 2.36E −02 5 3.77E −04 7 2.74E −06 

LIST-2-3 MR + PPIN 10 2 2 1 7 

mRMR + PPIN 5 3 3 1 3 

MRMS + PPIN 19 2 5 1 4 

CLAIM 11 4 4 22 7 

GenePEN 15 10 5 4 4 

RelSim 31 7 5 12 9 

LIST-1-2-3 MR + PPIN 18 4 9 2 12 

mRMR + PPIN 13 6 8 2 9 

MRMS + PPIN 38 7 15 2 8 

CLAIM 15 9 11 31 14 

GenePEN 33 32 13 28 12 

RelSim 45 28 20 29 26 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Finally, Table 7 compares the performance of different integrated methods with respect to GO, DO, and KEGG pathways

enrichment analysis. All the results reported here confirm that the proposed method selects a set of genes, which is strongly

associated with relevant processes and pathways with significantly lower p -values as compared to other existing approaches.

Also, the term of DO annotated by the gene set obtained using the RelSim is strongly linked with corresponding disease.

From all the results reported in Tables 5, 6 , and 7 , it is seen that the proposed RelSim algorithm outperforms existing

integrated methods, irrespective of the data sets and quantitative indices used. 

5.4. Biological interpretation of identified genes 

This section presents the biological interpretation of some of the predicted disease genes that have been identified only

by the proposed RelSim algorithm, but not by any other gene selection algorithm for GSE25070 data set as an example.

In the present study, the proposed method has been used to select 100 top-ranked genes from GSE25070. Out of them, 53

genes are unique in the sense that they are not identified using any of the existing gene selection criteria and gene selection

methods discussed earlier. This set of 53 genes contains a subset of 20 genes that are already enlisted in either of LIST-1,

LIST-2, or LIST-3 [30,36] as cancer or colon cancer related genes. The members of this subset are CCL20, CCL21, CREB1,

CTSG, CXCL1, DUSP1, EDN3, FASLG, GHR, IGF1, IL6R, KIT, LAMA1, LIFR, MYH11, NPY, PTEN, SCG2, SST , and TGFBR2 . There

remains another subset of 33 unique genes, namely, ADRA2A, AGTR1, ARRB1, CARD14, CLCA2, CSPG2, CXCL16, EDN1, EGF,

FOS, IL12A, IL1R1, IL5, KRT20, LEP, LIF, MADCAM1, MAPK3, MEF2D, MMP12, NOX4, P2RY1, PARK2, PPARGC1A, PTGER4,

S1PR5, SMPD1, STAT3, SUCLG1, SULF1, TLR5, TNFRSF1A , and TNFSF10 . This subset refers to those genes that have been

identified by the proposed method and predicted to be associated to colorectal cancer. Literature study of some of these

predicted disease genes, as discussed next, reveals a strong association of these genes with cancer or colorectal cancer. 

• CXCL16 : The expression of this gene has been reported to be involved in various forms of cancer. Various experiments

have also been performed to show that cancer-derived CXCL16 suppresses the liver metastasis of colorectal cancer cells

by augmenting NKT cells (CXCR6 cells) to the metastatic organ [17] . 

• EDN1 : It is secreted by solid tumors including colorectal, ovarian and prostate cancers. In these tumor cells, EDN1 pro-

motes metastasis, suppress apoptosis, cell proliferation and facilitates angiogenesis. Both the EDN1 peptide and mRNA

levels are shown to be elevated in colon cancers [18] . 
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Table 7 

Performance analysis of different integrated methods using gene ontology, disease ontology, and KEGG pathway. 

Data Integrated Biological processes Cellular components Molecular functions KEGG pathway Disease ontology 

used methods Term p -value Term p -value Term p -value Term p -value Term p -value 

GSE25070 MR + PPIN P16 6.78E −13 C15 8.52E −05 F25 4.79E −09 K36 2.74E −09 D6 1.01E −03 

mRMR + PPIN P11 1.32E −12 C20 1.37E −16 F25 3.72E −14 K36 2.08E −13 D9 1.12E −02 

MRMS + PPIN P7 2.68E −13 C20 3.92E −07 F8 1.25E −11 K36 1.47E −08 D6 6.68E −05 

CLAIM P35 1.15E −03 C24 5.45E −03 F3 1.83E −03 K5 7.78E −03 D22 3.06E −02 

GenePEN P46 6.21E −19 C25 2.84E −03 F9 4.14E −08 K29 3.83E −10 D5 1.51E −10 

RelSim P46 9.29E −27 C27 3.42E −09 F9 9.19E −20 K11 4.22E −16 D6 1.24E −05 

GSE10950 MR + PPIN 

∗ ∗ C29 6.91E −05 ∗ ∗ ∗ ∗ ∗ ∗

mRMR + PPIN P18 4.69E −04 C29 8.54E −04 ∗ ∗ ∗ ∗ D10 4.70E −02 

MRMS + PPIN P32 7.92E −09 C29 6.72E −05 F34 3.25E −04 K38 3.10E −05 ∗ ∗

CLAIM 

∗ ∗ C10 2.86E −03 F37 5.01E −04 K12 5.45E −03 ∗ ∗

GenePEN P25 6.77E −20 C11 3.28E −07 F30 2.42E −07 K29 5.52E −15 D6 5.73E −09 

RelSim P36 2.35E −36 C30 7.25E −17 F9 3.00E −12 K34 2.89E −16 D7 5.54E −15 

GSE4988 MR + PPIN P12 4.41E −05 ∗ ∗ F29 1.95E −04 K23 1.02E −03 D15 1.46E −02 

mRMR + PPIN P21 2.39E −04 ∗ ∗ F20 1.06E −04 K7 1.87E −03 D14 6.44E −04 

MRMS + PPIN P39 1.72E −05 C21 4.91E −03 F13 1.33E −06 K20 1.52E −03 D7 4.37E −02 

CLAIM P5 9.02E −05 C16 3.39E −05 F21 2.49E −04 K3 1.35E −04 ∗ ∗

GenePEN P23 2.90E −22 C18 1.32E −06 F33 6.88E −10 K18 7.53E −11 D5 1.77E −15 

RelSim P27 1.55E −29 C30 3.47E −17 F9 4.30E −16 K25 1.96E −15 D7 7.27E −09 

GSE44861 MR + PPIN 

∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

mRMR + PPIN 

∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

MRMS + PPIN 

∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

CLAIM 

∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

GenePEN 

∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗

RelSim P14 7.68E −19 C5 2.04E −11 F32 5.97E −10 K18 8.81E −11 D7 4.84E −10 

GSE11223 MR + PPIN P51 1.26E −04 C3 5.35E −03 F27 7.20E −04 K16 3.59E −03 D17 1.73E −03 

mRMR + PPIN P38 4.53E −06 C3 2.79E −03 F23 3.55E −04 K28 3.44E −03 D12 9.34E −04 

MRMS + PPIN P31 5.13E −06 C22 4.85E −04 F16 9.20E −05 K9 2.20E −04 D12 2.29E −04 

CLAIM P28 2.73E −06 ∗ ∗ F2 6.65E −03 K6 1.56E −02 D18 3.12E −02 

GenePEN P37 1.86E −05 C4 9.01E −05 F1 6.76E −06 K30 1.19E −05 D6 3.67E −06 

RelSim P15 1.02E −51 C11 1.91E −24 F9 1.96E −28 K11 8.76E −26 D7 2.87E −07 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

• FOS : The encoded protein for this gene has a tendency to dimerize with proteins of the JUN family, forming the tran-

scription factor complex AP-1, which has diverse biological effects. It mediates the cyclin-D1 expression through PAK2,

which is marked by increased quantities of Cyclin-D1 in primary human colon cancers [48] . 

• MAPK3 : The encoded protein is a member of the MAP kinase family, where the MAPK3/1 pathway is inhibited by AMPK

(AMP-activated protein kinase) in colon cancer cells. Thus, inhibition of AMPK potentiates MAPK3/1 activation, which

further leads to cell proliferation and apoptosis [26] . 

• SMPD1 : The protein encoded by this gene acts as a tumor suppressor. SMPD1 in the liver inhibits tumor growth. In

cancer cells, they are involved in cell death and play an important role in the host response to a variety of anticancer

treatments, including those for colon cancer [33] . 

• STAT3 : The encoded protein for this gene is known to send oncogenic signals that promote cell proliferation. It makes

use of the c-Met receptor that transmits the invasiveness promoting signals. It acts as a major transcription factor, as a

signaling adaptor at focal adhesions, and as a persistent scaffold factor in cytokine growth factor receptor assemblies. It

inhibits apoptotic functions in a cell by inducing Bcl-2 and Bcl-xl genes [13] . 

• TLR5 : It has been shown that blocking TLR5/MyD88-mediated signaling in human colon cancer mouse xenografts sup-

presses innate immune responses in the model, which is represented by reduced neutrophil infiltration and enhanced

tumor growth. However, TLR5 activation using flagellin is known to dramatically reduce tumor growth [19] . 

• TNFSF10 : The encoded protein of this gene is a cytokine belonging to the tumor necrosis factor (TNF) ligand family. It

induces selective apoptosis, that is, its interaction with death receptors transmits a death signal only in the transformed

tumor cells through caspese activation and does not damage the normal cells [39] . 

6. Conclusion and future direction 

The paper presents a novel gene selection algorithm, termed as RelSim, for identification of disease related genes. The

information of gene expression profiles and PPI networks are integrated judiciously to find out the disease genes. A set of

genes is selected by the proposed algorithm as disease genes from microarray data and PPI network by maximizing the

relevance and functional similarity among the selected genes. To compute the functional similarity between two genes, a

new weighted similarity measure is defined, which is based on the information of PPI network. The performance of the

proposed algorithm is extensively studied using several cancer data sets, and compared with that of other related methods.
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The experimental results on colon cancer show that the proposed algorithm identifies more colorectal cancer genes com-

pared to existing disease gene selection methods. It also establishes the importance of the proposed method and indicates

the possibility of the proposed algorithm to be an useful technique for disease gene identification. 

The proposed method considers only the relevance of individual gene. In future, this method will be extended considering

the relevance of multiple genes. A method will be developed based on some quantitative measures to find out the optimum

value of weight parameter. In order to compute the functional similarity between two genes efficiently, several similarity

measures will be studied in detail, and further its merits and limitation will be evaluated. The theory of rough sets will also

be considered in near future to compute the relevance of a gene. 
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Appendix A. Definitions of Different Terms Used in Table 2, Table 4 , and Table 7 

Terms of Biological Processes: P1: actomyosin structure organization; P2: ameboidal-type cell migration; P3: calcium-

independent cell-cell adhesion via plasma membrane cell-adhesion molecules; P4: cell division; P5: cellular respiration; P6:

cellular response to external stimulus; P7: cellular response to lipid; P8: cellular response to oxygen levels; P9: chromosome

separation; P10: collagen catabolic process; P11: DNA-templated transcription, initiation; P12: embryo implantation; P13:

female sex differentiation; P14: hemopoiesis; P15: immune response; P16: intracellular steroid hormone receptor signaling

pathway; P17: intrinsic apoptotic signaling pathway in response to oxidative stress; P18: membrane protein proteolysis; P19:

mitotic cell cycle process; P20: myeloid cell differentiation; P21: negative regulation of growth of symbiont in host; P22:

one-carbon metabolic process; P23: positive regulation of cell death; P24: positive regulation of cell morphogenesis involved

in differentiation; P25: positive regulation of cellular component movement; P26: positive regulation of cGMP biosynthetic

process; P27: positive regulation of immune system process; P28: positive regulation of lymphocyte activation; P29: posi-

tive regulation of Notch signaling pathway; P30: positive regulation of protein import into nucleus; P31: protein import into

nucleus; P32: protein polyubiquitination; P33: Purine metabolism; P34: pyrimidine-containing compound catabolic process;

P35: regulation of cell junction assembly; P36: regulation of immune response; P37: regulation of multicellular organism

growth; P38: regulation of protein import; P39: regulation of symbiosis, encompassing mutualism through parasitism; P40:

regulation of systemic arterial blood pressure; P41: regulation of viral transcription; P42: regulation of wound healing; P43:

response to external biotic stimulus; P44: response to hormone; P45: response to ketone; P46: response to lipid; P47:

response to progesterone; P48: spleen development; P49: Thyroid cancer; P50: TNF signaling pathway; P51: tyrosine phos-

phorylation of Stat1 protein. 

Terms of Molecular Functions: F1: activating transcription factor binding; F2: aminopeptidase activity; F3: carbohydrate

transmembrane transporter activity; F4: carbonate dehydratase activity; F5: carboxy-lyase activity; F6: cargo receptor ac-

tivity; F7: CCR chemokine receptor binding; F8: chromatin binding; F9: cytokine receptor binding; F10: DNA-directed RNA

polymerase activity; F11: fatty acid binding; F12: G-protein coupled receptor binding; F13: glycogen phosphorylase activ-

ity; F14: glycosaminoglycan binding; F15: histone methyltransferase activity; F16: hormone activity; F17: inorganic anion

transmembrane transporter activity; F18: insulin receptor substrate binding; F19: ligase activity, forming carbon-nitrogen

bonds; F20: monosaccharide transmembrane transporter activity; F21: oxidoreductase activity, acting on NAD(P)H, quinone

or similar compound as acceptor; F22: protein methyltransferase activity; F23: receptor signaling protein serine/threonine ki-

nase activity; F24: repressing transcription factor binding; F25: RNA polymerase II transcription factor binding; F26: snoRNA

binding; F27: snRNA binding; F28: steroid binding; F29: sugar transmembrane transporter activity; F30: transcription factor

activity, RNA polymerase II distal enhancer sequence-specific binding; F31: transcription factor binding; F32: transcriptional

activator activity, RNA polymerase II core promoter proximal region sequence-specific binding; F33: tumor necrosis fac-

tor receptor superfamily binding; F34: ubiquitin conjugating enzyme activity; F35: ubiquitin protein ligase binding; F36:

ubiquitin-like protein ligase binding; F37: Wnt-activated receptor activity. 

Terms of Cellular Components: C1: apical plasma membrane; C2: caveola; C3: cell surface furrow; C4: cell-cell adherens

junction; C5: chromosome, centromeric region; C6: cytoplasmic membrane-bounded vesicle lumen; C7: cytoplasmic micro-

tubule; C8: cytoplasmic mRNA processing body; C9: DNA-directed RNA polymerase II, core complex; C10: dynein complex;

C11: external side of plasma membrane; C12: filopodium; C13: heterochromatin; C14: histone acetyltransferase complex;

C15: histone deacetylase complex; C16: inner mitochondrial membrane protein complex; C17: kinetochore; C18: membrane

microdomain; C19: microbody lumen; C20: nuclear chromatin; C21: nuclear chromosome, telomeric region; C22: nuclear

pore; C23: nucleolus; C24: platelet alpha granule; C25: proteasome regulatory particle; C26: protein kinase complex; C27:

secretory granule; C28: secretory granule lumen; C29: secretory granule membrane; C30: side of membrane; C31: transcrip-

tion factor complex. 

Terms of KEGG Pathways: K1: Acute myeloid leukemia; K2: Adherens junction; K3: Alzheimer’s disease; K4: AMPK sig-

naling pathway; K5: Arachidonic acid metabolism; K6: B cell receptor signaling pathway; K7: Bladder cancer; K8: Cell cycle;



124 P. Maji et al. / Information Sciences 384 (2017) 110–125 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

K9: Chagas disease (American trypanosomiasis); K10: Chronic myeloid leukemia; K11: Cytokine-cytokine receptor interac- 

tion; K12: Endometrial cancer; K13: Fatty acid degradation; K14: FoxO signaling pathway; K15: Glycolysis / Gluconeogenesis;

K16: GnRH signaling pathway; K17: Hedgehog signaling pathway; K18: Hepatitis B; K19: HTLV-I infection; K20: Insulin re-

sistance; K21: Jak-STAT signaling pathway; K22: Long-term depression; K23: Melanoma; K24: Metabolism of xenobiotics by

cytochrome P450; K25: NF-kappa B signaling pathway; K26: Nitrogen metabolism; K27: Osteoclast differentiation; K28: Pan-

creatic cancer; K29: Pathways in cancer; K30: Proteoglycans in cancer; K31: Purine metabolism; K32: Retinol metabolism;

K33: Sphingolipid signaling pathway; K34: T cell receptor signaling pathway; K35: Thyroid cancer; K36: Thyroid hormone

signaling pathway; K37: TNF signaling pathway; K38: Ubiquitin mediated proteolysis; K39: Viral myocarditis. 

Terms of Disease Ontology: D1: autosomal dominant disease; D2: autosomal genetic disease; D3: cholelithiasis; D4:

colon adenocarcinoma; D5: colon cancer; D6: colon carcinoma; D7: colorectal cancer; D8 connective tissue cancer; D9:

coronary artery disease; D10: disease of metabolism; D11: gastrointestinal system disease; D12: hematologic cancer; D13:

hyperglycemia; D14: liver disease; D15: lung small cell carcinoma; D16: muscle cancer; D17: musculoskeletal system cancer;

D18: organ system cancer; D19: reproductive organ cancer; D20: stomach cancer; D21: stomach carcinoma; D22: vascular

disease. 
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