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A B S T R A C T   

Nowadays, microarray data processing is one of the most important applications in molecular biology for cancer 
diagnosis. A major task in microarray data processing is gene selection, which aims to find a subset of genes with 
the least inner similarity and most relevant to the target class. Removing unnecessary, redundant, or noisy data 
reduces the data dimensionality. This research advocates a graph theoretic-based gene selection method for 
cancer diagnosis. Both unsupervised and supervised modes use well-known and successful social network ap-
proaches such as the maximum weighted clique criterion and edge centrality to rank genes. The suggested 
technique has two goals: (i) to maximize the relevancy of the chosen genes with the target class and (ii) to reduce 
their inner redundancy. A maximum weighted clique is chosen in a repetitive way in each iteration of this 
procedure. The appropriate genes are then chosen from among the existing features in this maximum clique 
using edge centrality and gene relevance. In the experiment, several datasets consisting of Colon, Leukemia, 
SRBCT, Prostate Tumor, and Lung Cancer, with different properties, are used to demonstrate the efficacy of the 
developed model. Our performance is compared to that of renowned filter-based gene selection approaches for 
cancer diagnosis whose results demonstrate a clear superiority.   

1. Introduction 

Across the globe, cancer continues to be the main cause of death for 
both males and females. In 2020 alone, around 19.3 million new cases of 
cancer were submitted globally, and 10 million cancer deaths were 
recorded [1]. Cancer is predicted to be the leading cause of death 
worldwide, causing one out of six deaths [2]. Therefore, improving 
cancer prediction becomes critical for improving survival rates by 
providing opportunities for early-diagnosed patients to receive appro-
priate treatment [3–5]. There have already been applications of micro-
array technology in healthcare to improve cancer prediction [6–8]. 
Doctors and biologists can simultaneously examine DNA microarray 
data or biomarker analysis to diagnose and/or predict various types of 
cancer (e.g., distinguishing normal, benign, or cancerous; malignant vs. 
benign) [9]. This is also motivated by the availability of DNA microarray 
data, which enabled the development of tailored Machine Learning (ML) 

algorithms [5,10]. 
In many healthcare applications, most of the genes in gene expres-

sion microarray data are redundant or irrelevant for microarray data 
processing [10,11]. High-dimensional cancer microarray dataset with a 
small number of patterns can lead to the well-known problem of the 
“curse of dimensionality” [12–14]. Gene selection is a well-known and 
effective strategy in DNA microarray data analysis to deal with such a 
phenomenon, and it is among popular techniques that have been suc-
cessfully employed for eliminating irrelevant and/or redundant genes as 
well as enhancing computational complexity, learning efficiency, and 
generalization capabilities [15–17]. Especially, gene selection aims to 
choose only those relevant genes that are strongly associated with the 
target class [18–20]. These genes are also chosen in such a way to yield a 
minimum inner redundancy. Gene selection is also an efficient method 
for building a generalized model that improves machine learning pipe-
lines and reduces their computational complexities [21,22]. 
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This research aims to develop a relevance-redundancy graph-based 
gene selection approach in cancer diagnosis using social network anal-
ysis to select a gene subset that meets the maximum relevancy and 
minimum redundancy. There are four primary phases in the suggested 
technique. In the first phase, the solution space is depicted as a graph 
structure, where each gene is represented as a node in this graph, and the 
edges’ weights indicate how close their related genes are. The maximum 
weighted cliques are found in the second stage, which is an iterative 
process. This phase aims to group together a set of related genes into 
clusters. Then, a scoring methodology is employed to rank the existing 
genes in the found maximum clique. The suggested scoring mechanism 
does not use any learning algorithm in the assessment process. As a 
result, the suggested gene selection approach is characterized as a filter 
method, which is not subject to any inherent machine learning limita-
tions. Finally, in the fourth phase, using edge centrality [23], a novel 
measure is devised to assign the redundancy value of each candidate 
gene. This phase picks high-scoring genes from each subgraph clique to 
create the final gene set. The suggested technique identifies a set of 
genes with the least redundancy and the greatest relevance to the target 
class. In our model, Fisher Score (or Laplacian Score in unsupervised 
mode) is used to assess gene relevancy, whereas the maximum clique 
criterion and the edge centrality measure are used to determine gene 
redundancy. In comparison to well-known and state-of-the-art proced-
ures, the presented method contains numerous novelties:  

1. The suggested technique employs an algorithm that discards 
redundant genes to find the maximum weighted cliques to similar 
group genes. Unlike existing clustering techniques, including k- 
means [24] and fuzzy c-means [25], the suggested gene clustering 
approach automatically determines the number of gene groups.  

2. The suggested technique computes gene redundancy using an edge 
centrality measure that takes into account both the local and global 
structures of the graph. Put another way, it considers both implicit 
and explicit similarities between genes, while most previous gene 
selection approaches [26–32] consider direct gene similarities only.  

3. The suggested approach proposes a heuristic search strategy from a 
social network analysis perspective using maximal cliques and edge 
centrality measures. In contrast to nature-inspired approaches like 
[28,30,33,34], the suggested model is sufficiently certain and its 
computational complexity is low. Therefore, it can be straightfor-
wardly extended to solve high-dimensional microarray datasets.  

4. Another problem for gene selection approaches is the determination 
of the final number of picked genes. In fact, the optimal number of 
the selected genes is uncertain since the number of relevant genes is 
unknown. Unlike most earlier research [32,35,36], this technique 
automatically specifies the optimum size of chosen genes on the basis 
of the overall relationship and relevance of the original genes and 
their inner similarities.  

5. To assess the optimality of the selected gene subset, some of the 
present gene selection techniques [37–40] apply a learning algo-
rithm in their search procedures. However, such approaches are 
often inefficient to be used in high-dimensional cancer data [26]. 
Our suggested technique does not use any learning model in its 
procedure, which provides an edge over its competitors. Further-
more, the class labels are not applied to choose the final gene set in 
unsupervised mode. As a result, it may be classified as both unsu-
pervised and filter-like approaches, offering a computationally 
effective tool for high dimensional cancer datasets.  

6. Contrary to existing multi-objective approaches that use an iterative 
procedure to discover a set of non-dominated solutions [41,42], our 
suggested method identifies the near-optimal solution in an accept-
able time. 

The rest of this study is structured as follows. In Section 2, the related 
works is reviewed. Section 3 discusses the proposed gene selection 
strategy for cancer diagnosis. Section 4 reports the empirical findings 

using various classifiers. Section 5 provides the conclusion, discussion, 
and future plans. 

2. Related works 

In statistical pattern detection, data mining, machine learning, and 
biomedical informatics, feature selection or gene selection has been a 
primary research topic since the 1970s [26,32]. Typically, it is possible 
to select features/genes using either supervised or unsupervised 
based-approach according to the dataset availability and method’s 
constraints [43–46]. For instance, supervised feature selection can be 
used when training samples’ labels are readily available, while unsu-
pervised feature selection should be applied when training samples’ 
labels are unavailable [47,48]. 

Gene selection methods are further categorized according to how the 
classification/machine learning model is accounted for, such as filtering, 
wrapping, hybrid, and embedded methods [4,49]. 

Filter-based gene selection approaches assess the appropriateness of 
selecting genes without using classification or machine learning models 
[5,50]. The computational complexity of these approaches is therefore 
low. A few high-scoring genes are selected in this group based on 
mathematical or statistical criteria. A gene selection strategy based on a 
filter model can be sorted as univariate and multivariate. Under a 
defined criterion, the only correlation between genes and class label of 
the train data is considered in univariate mechanisms. As a result, the 
univariate approach ignores the interaction between genes, leading to 
redundant genes in the chosen gene subset as well as increasing the risk 
of overfitting in the final prediction model. By removing both irrelevant 
and similar genes, multivariate filtering addresses this problem. Gene 
dependencies and relevance were taken into account when developing 
multivariate filter methods [51,52]. 

Wrapper methodologies perform a learning model to assess the ac-
curacy of selected genes. At each stage of this gene selection technique, a 
set of candidate genes is built using a search strategy, and the quality of 
the set is computed using a learning model. Lastly, the most appropriate 
gene subset is selected as the final gene set [6,53,54]. Despite the fact 
that wrapper feature selection models can produce effective feature 
subsets, they are time-consuming to implement and are inefficient when 
applied to complex microarray datasets [55–57]. By combining filters 
and wrappers, hybrid models take advantage of both approaches. 
Through the use of specific machine learning algorithms, this aims to 
achieve the highest possible performance while maintaining an execu-
tion time similar to filter models. Furthermore, embedded techniques 
are generally viewed as a class of hybrid models derived from algorithms 
that incorporate gene selection mechanisms. 

Typically, gene selection techniques search across the solution space 
for optimizing two opposing goals: increasing the relevancy of the 
chosen genes to the target class and reducing their redundancy [58,59]. 
A variety of evolutionary and nature-inspired approaches have been 
proposed to maximize these objectives. Multi-objective and 
single-objective methods are the two types of methods that are often 
promoted for this purpose. Using just one quality function, 
single-objective approaches drive the evolving population to produce a 
certain gene set. Using an improper objective function might result in 
incorrect algorithm outputs. Furthermore, these methods are unsuitable 
for real-world applications that need the optimization of several con-
flicting objectives. Considering the gene selection task as a 
multi-objective optimization problem provides insights to get around 
this obstacle. Especially, when the gene selection process is modeled as a 
multi-objective problem, a set of non-dominated gene subsets may be 
obtained to suit various criteria in real-world applications. The majority 
of extant gene selection techniques are single-objective ones, with only a 
few multi-objective approaches like MOPSO [42], MOGA [60], and 
TMABC-FS [37] are commonly available. Besides, all these techniques 
are rather wrapper approaches that employ a learning model to assess 
the objectives in their processes. As a result, they are inefficient in terms 
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of computational efficiency and cannot be used to solve real-world or 
large-scale issues [50,61]. 

This study aims to develop a relevance-redundancy graph-based 
gene selection approach for cancer diagnosis that uses social network 
analysis to select a gene subset that can reconcile the two criteria of 
efficiency and effectiveness. It aims to propose a gene selection method 
that can be applied to high-dimensional microarray cancer datasets. 

3. Developed model 

This section describes our novel gene selection approach that com-
bines Maximum Clique and Edge Centrality (MCEC). The suggested 
technique is classified as a filter gene selection approach, and its opti-
mization process takes into consideration both gene relevancy and 
redundancy aspects. The developed gene selection method consists of 
the following phases: (1) Graph representation and construction, (2) 
Maximum clique identification, (3) Genes ranking, and (4) Final gene set 
selection. The first stage involves converting the gene space to an un-
directed, weighted graph. A node is used to represent each gene in this 
graph-based representation, while the weight of each edge reflects the 
similarity of its associated genes. A gene set with the highest similarity is 
chosen using a maxim clique algorithm in the second stage of the 
developed model. This phase aims to use the weighted maximum clique 
algorithm to identify similar group genes. The ranking procedure of 
nodes of the graphs is performed in the third phase by applying the 
univariate filtering criterion. Ultimately, to prevent selecting redundant 
genes, the high-scoring genes from the maximum clique are identified 
using edge centrality, while other genes are deleted in the fourth phase. 
The second phase is repeated if at least one maximum clique can be 
discovered after deleting the maximum clique from the genes graph. 
Alternatively, the remaining genes are introduced to the chosen gene 
set, and the suggested technique terminates. Overall, the developed 
MCEC method is summarized using the flow graph shown in Fig. 1. 

3.1. Graph construction 

The first step in the graph theoretic-based gene selection method is to 
use an unweighted and undirected graph to represent the solution space. 
Therefore, the original gene set is represented by a graph G = < F,E > , 
where F = {G1,G2, ...,Gn} is the set of nodes where each node corre-
sponds to a gene in the microarray dataset. Moreover, E =

{(Gi,Gj) : Gi,Gj ∈ F} is a list of edges of the graph, and the weight of 
each edge is calculated on the basis of the similarity between its two 
corresponding genes. Mutual Information (MI) [62] is one of the 
well-known metrics to measure the similarity values of two genes. Let Gi 
and Gj be two genes, then Mutual Information (MI) between Gi and Gj is 
defined as below: 

MI
(
Gi,Gj

)
=

∑

Values(Gi)

∑

Values(Gj)

p
(
Gi,Gj

)
log

p
(
Gi,Gj

)

p(Gi).p
(
Gj
) (1)  

where Values(Gi) and Values(Gj) indicate the possible values of Gi and Gj, 
correspondingly. Moreover, p(Gi), p(Gj) and p(Gi,Gj) is the distribution 
of Gi, Gj and their joint distribution, respectively. Mutual Information 
has the inherent drawback of tending to assign high MI values to genes 
with high values [36]. In this study, Symmetrical Uncertainty (SU) has 
been used to overcome this shortcoming by discouraging the assignment 
of genes with higher values and limiting their values in the range [0,1]. 
SU of genes Gi and Gj is calculated as below: 

SU
(
Gi,Gj

)
=

2 × MI
(
Gi,Gj

)

(
H(Gi) + H

(
Gj
)) (2)  

where MI(Gi,Gj) indicates Mutual Information between Gi and Gj and 
H(Gi) is the entropy of gene Gi that can be defined as follows: 

H(Gi)=
∑

v∈Values(Gi)

− Pv log2(Pv) (3)  

where Values(Gi) is the set of all possible values for gene Gi and Pv in-
dicates the probability that microarray data has a value of v with respect 
to gene Gi. Using this similarity measure, two fully similar genes yield a 
value 1, while two completely dissimilar genes entail zero value for SU. 

This methodology maps the gene space into a fully weighted and 
connected graph. To make the graph sparser, those edges whose asso-
ciated weights are lower than θ parameter are eliminated, where θ is an 
adjustable parameter that takes values in the unit interval. Smaller 
(larger) θ value, higher (lower) the number of edges that will be taken 
into account in the next steps. 

3.2. Identification of maximal cliques 

This stage aims to partition the original nodes into a number of 
groups where the pairwise similarity of members of the same cluster is 
relatively high. It has been observed that the majority of available gene 
clustering algorithms have the following flaws [27]:  

• They require setting the number of clusters. 

Fig. 1. Flowchart of the proposed model.  

S. Azadifar et al.                                                                                                                                                                                                                                



Computers in Biology and Medicine 147 (2022) 105766

4

• They examine all genes evenly during the clustering process; how-
ever, important genes should have been given higher influence 
scores.  

• The density of genes in a cluster is not considered for gene clustering. 

In order to overcome these mentioned challenges, our paper advo-
cates a maximum weight clique-based method to cluster the genes. A 
gene cluster (i.e., a clique) with a maximum total weight from an un-
directed and weighted sub-graph is identified by the maximum weight 
clique problem (MWCP). The maximum clique problem (MCP) is a 
special case of the MWCP when all the weights associated with the 
vertices are equal. Specifically, let G = (V,E) be an undirected graph 
where V is the set of vertices and E is the set of edges. A clique C⊂ V is a 
set of nodes such that every two distinct nodes are adjacent. A clique is 
maximal if it is not contained in any other cliques or cannot be extended. 
If the cardinality of a clique is the largest among all the cliques of the 
graph or there is no clique with more nodes, the clique is said to be the 
maximum clique. 

To solve MWCP, many approaches have been introduced. One of the 
best methods is proposed in Ref. [63], where the authors presented an 
efficient branch-and-bound algorithm for the maximum vertex weight 
clique problem. This is an easy-to-implement, simple, and efficient 
method for finding the maximum clique. Its computational complexity is 
O(n2) where n denotes the number of nodes, which makes it easy to be 
applied to large networks. Fig. 2 illustrates an example of maximum 
clique finding. Fig. 2 (a) demonstrates the initial graph, while the four 
nodes found as maximum clique are shown in Fig. 2 (b). 

3.3. Ranking the genes 

This stage aims to extract those genes from each maximum clique (i. 
e., gene group) that are useful and significant. In fact, some of the most 
informative genes are chosen for each maximum clique, while the 
remaining ones are omitted. In this stage, an appropriate gene is iden-
tified from the maximum clique using edge centrality and Fisher Score in 
supervised mode (or Laplacian Score in unsupervised mode). The Fisher 
score is used to identify the most related genes to the target class. Fisher 
Score (FS) is a supervised filter-based method that gives higher scores to 
the genes with higher separation characteristics. The FS for gene Gi is 
defined as follows: 

FS(Gk)=

∑
v∈V

(
nv
(
Gv

k − Gk
)2
)

∑
v∈V

(
nv(σv(Gk))

2) (4)  

where Gk is the mean value of all microarray data regarding gene Gk, V is 
a set of all classes in the cancer dataset, nv is the number of microarray 
data on the class v, while σv(Gk) and Gv

k show the variance and average of 
gene Gk on class v, respectively. 

Furthermore, the Laplacian Score (LS) is an unsupervised univariate 
filtering strategy on the basis of the observation that adjacent data 
points may belong to similar classes. The main principle behind LS is to 
assess the relevance of a gene based on its ability to preserve locality. 
Equation (5) is used to calculate the LS for gene Gk as the following: 

LS(Gk)=

∑
i,j(Gk(i) − Gk(j))Sij
∑

i(Gk(i) − Gk)Dii
(5)  

where Gk(i) denotes the value of the gene A in the i-th microarray data, 
Gk is the average of the gene Gk, D is the diagonal matrix: Dii =

∑

j
Sij, and 

Sij is referred to as the neighborhood relationship between microarray 
data, computed as follows: 

Sij =

{
e

xi − xj
t , if xi and xj are neighbors

0, Otherwise
(6)  

where, t denotes a suitable constant, xi stands for the i − th microarray 
data, while xi and xj are neighbors if xi is among k nearest neighbors of xj 

or xj is among k nearest neighbors of xi. In our case, k is set to 5. 

3.4. Identification of final gene set 

The goal of this step is to efficiently identify and eliminate redundant 
and irrelevant genes. As mentioned before, the Fisher Score is utilized in 
supervised mode, and Laplacian Score is being used in unsupervised 
mode to rank genes of the identified maximum clique with the aim of 
preventing the selection of irrelevant genes. The edge centrality 
parameter is also employed to avoid the choice of genes that are similar 
to those that have already been selected. In the majority of the previ-
ously suggested techniques, to remove redundant genes, direct similar-
ity among genes was utilized, whereas, in the present investigation, the 
concept of edge centrality is applied to account for the local and global 

Fig. 2. An example graph G with 10 nodes and the maximum weighted clique.  
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structure of genes in the corresponding graph to evaluate the relation-
ship intensity among genes. 

The suggested technique involves adding a gene to the gene set that 
has the highest FS (or LS) value in the maximum clique. Following the 
elimination of this gene from the maximum clique, the subsequent gene 
with the greatest relevant value is deemed the candidate gene. Similarly, 
the edge centrality criterion is used to determine its similarity to the 
previously chosen genes. Suppose the edge centrality value of the 
candidate gene and the previously chosen genes was lower than a pre-
defined parameter δ. In that case, this gene is introduced to the chosen 
gene set, and the next relevant gene from this maximum clique is taken 
into account as a candidate gene. On the other hand, if the edge cen-
trality between the candidate gene and the previously selected gene is 
higher than some predefined threshold δ, all remaining genes in this 
maximum clique are eliminated from the gene graph. In other words, 

If Edge Centralitty(CandidateGene, G′

) ≥ θ, where CanddateGene is the 
candidate gene with the highest relevant value in this clique and G′ is the 
set of previous selected genes), then all remaining genes in this 
maximum clique are eliminated from the gene graph. 

There are several measures for computing the centrality of edges. 
They are usually defined on the basis of some assumptions about how 
information propagates or how traffic flows in the network. 

In our approach, we have used the k-path centrality index to compute 
the centrality of edges [9]. This centrality index uses a random 
walks-based method for edge centrality calculation. This is motivated by 
its ease of implementation, efficiency, and ability to accommodate 
significantly large networks within a short computation time as its 
computational complexity is shown to be linear with respect to the 
number of nodes of the network; that is, its complexity is O(e) where e 
denotes the number of edges in the network graph. 

3.5. Design of algorithm 

The design of our gene selection approach based on the maximum 
clique algorithm and the edge centrality measure is detailed in-depth in 
this section. The final goal of this approach is to choose a gene subset 
with the lowest similarity to one another and the strongest link to the 
target class. In order to accomplish the first goal, genes are divided into 
different clusters to prevent selecting genes that are similar. A selection 
technique based on the edge centrality metric is presented to meet the 
second criteria. In the suggested technique, a maximum weighted clique 
is discovered in each iteration, and then suitable genes are selected 
among the existing genes in this maximum clique by utilizing the edge 
centrality and gene relevant score (Fisher score in a supervised mode, or 
Laplacian score in an unsupervised mode). The initial genes are then 
stripped of the genes accessible in this maximum clique, and the pro-
cedure is repeated for the remaining genes. Put differently, the genes of 
each clique are ranked using the Fisher score (or Laplacian Score in 
unpervised mode), and then the best representative and non-redundant 
genes are selected using the edge centrality. The suggested technique 
directs the search process such that at least one gene is chosen for each 
maximum clique gene set. As a consequence, it may occur that the 
chosen genes meet both of the criteria: maximum relevancy and lowest 
redundancy. The employment of the edge centrality criterion, on the 
other hand, inhibits the selection of redundant genes. The selection of 
non-redundant and relevant genes is the consequence of applying these 
two concepts. 

Similar to graph clustering, finding the maximum weighted clique 
separates the fundamental genes into a number of maximum cliques 
(clusters) depending on their similarity. As a result, the genes in every 
maximum clique (cluster) are deemed more similar to each other 
compared to the genes of other maximum cliques (cluster), which re-
duces redundancy among the chosen genes. This also makes the chosen 
genes better reflect the fundamental genes. 

The prior graph-based gene selection approaches depend on the 

direct gene similarity. While, for the first time, the similarity between a 
set of genes is assessed utilizing the idea of edge centrality rather than 
direct similarity. Furthermore, because the edge centrality per 
maximum clique is measured just for the candidate gene and previously 
selected genes, and considering that in most microarray datasets, the 
number of previously selected genes is significantly lower compared to 
the number of original genes, the computational complexity of edge 
centrality calculation per maximum clique is significantly low. As a 
result, the procedure will be quick and makes the method affordable for 
high-dimensional cancer microarray datasets. Additionally, we can 
claim that because of the use of direct similarity, the approach selects 
genes that have lower redundancy compared to other state-of-the-art 
approaches. 

Fig. 3 shows the overall procedure of the developed gene section 
model for an example of seven genes dataset. The initial graph of this 
dataset is shown in Fig. 3 (a). In the first step, the edges whose weights 
are lower than threshold θ (here we set θ= 0.6) are removed, and the 
sparse graph is generated in Fig. 3 (b). Then the maximum clique al-
gorithm is applied, and as shown in Fig. 3 (c), a subgraph containing 
three genes (G1,G2,G3) is selected as a maximum clique. After finding 

Fig. 3. The overall schema of the developed gene selection model for the 
simple dataset with seven genes. 
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the maximum clique set, Fisher Score values for its corresponding genes 
are calculated. As seen in the picture, gene G1 has the highest FS value. 
Therefore, G1 is chosen as the first gene. The second gene in this list isG2. 
Since the edge centrality between this gene and the previously chosen 
genes (i.e., G1) is lower than the parameter δ, G2 is added to the previ-
ously chosen genes. This process is repeated for the third gene (i.e.G3). 
Since the edge similarity between G3 and the previously chosen gene (i. 
e., {G1,G2}) is higher than the δ. Therefore, this gene is not chosen. Now, 
this clique is removed from the gene graph, and this process is iterated 
again. Fig. 3 (d) shows the next identified maximum clique for the 
remainder genes. From the genes of this clique, only G3 is added to the 
chosen gene set. In the next step (Fig. 3 (e) the remainder genes (i.e., G6,

G7), which did not belong to any maximum clique, are added to the 
chosen genes. As a result, G′

= {G1,G2,G5,G6,G7} is selected as the final 
subset. 

Moreover, the pseudo-code of the developed model is summarized in 
Algorithm 1. It should be mentioned that the suggested approach in this 
research is referred to as SMCEC in supervised mode and USMCEC in 
unsupervised mode. 

Algorithm 1. Cancer Diagnosis Using Maximum Clique and Edge 
Centrality (MCEC) Gene Selection   

3.6. Complexity analysis 

The computational complexity of the proposed technique is 
computed in this section. The method’s initial step transforms the gene 
space into a graph, which takes O(n2p) time steps, with p denoting the 
number of microarray data and n being the number of original genes. 

Furthermore, in the second step, a repetitive process is employed to 
discover the maximum clique. The complexity of the maximum clique 

finding is O(n2). If we assume that k denotes the number of maximum 
cliques, then the maximum k times the algorithm is executed will have a 
complexity O(kn2). 

In addition, in the third stage, the relevance values of the genes are 

assessed by employing the FS measure in a supervised mode or LS 
measure in unsupervised mode. The computational complexity of FS and 
LS are O(ncp) and (np2) respectively. 

Ultimately, in the fourth step, higher score genes from the maximum 
clique are selected using the k-path centrality. The computational 
complexity of the k-path method is O(e), where e denotes the number of 
edges in the maximum clique. Since the edge centrality is calculated 
only for the candidate gene and the previously selected genes (i.e., m), 
the complexity for computing this step will be O(m2). 

Overall, the final computational complexity of the presented method 
in the supervised mode is O (n2p+kn2 +ncp+m2) and in unsupervised 

Table 1 
Characteristics of comparative gene selection models.  

Method Supervised Unsupervised Description Year 

AHEDL 
[64] 

✓  Adaptive Hypergraph 
Embedded Dictionary 
Learning 

2019 

ABCD 
[33] 

✓  Artificial Bee Colony 
Algorithm based on 
Dominance 

2020 

CDNC 
[26] 

✓  Community Detection with 
Node Centrality 

2022 

FGUFS 
[15]  

✓ Factor Graph model for 
Unsupervised Feature 
Selection 

2019 

AGGR 
[65]  

✓ Adaptive Graph-based 
Generalized Regression 

2021 

MNMI 
[48]  

✓ Multivariate Normalized 
Mutual Information 

2022  
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mode is O (n2p + kn2 + np2 + m2), which can be reduced to O (n2p ) and 
O (n2p+np2 ) respectively. 

4. Results 

Several comprehensive tests are performed to assess the performance 
of the suggested approach. The findings are compared to six new and 
efficient approaches, including AHEDL [64], ABCD [33], CDNC [26] (in 
supervised mode), FGUFS [15], AGGR [65], and MNMI [48] (in unsu-
pervised mode). The characteristics of these models are highlighted in 
Table 1. 

To get substantially more precise and reliable estimates, the results 
are acquired across ten separate runs for each dataset. Every dataset is 
first normalized, then randomly divided into a training set (2/3 of the 
dataset) as well as a test set (1/3 of the dataset) in each run. The test set 
is utilized to evaluate the chosen genes, while the training set is 
employed to choose the final gene subset. All algorithms are run on the 
same train/test partitions in order to conduct a fair experimentation. 
The results are reported in terms of several measures, including the 
number of selected genes, the Accuracy (Acc), Matthews Correlation 
Coefficient (MCC), and execution time. Acc and MCC are defined as 
below: 

Acc=
TP + TN

TP + TN + FP + FN
× 100 (7)  

MCC=
(TP × TN − FP × FN)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

√ (8)  

where TP, TN, FP, and FN stand for the number of true positives, true 
negatives, false positives, and false negatives, respectively. 

It should be noted that the experiments are performed on an Intel 
Core i5-3570, equipped with 2.50 GHz dominant frequency and 16 GB 
RAM. The next subsections go through the datasets in-depth and the 
used classifiers, results, sensitivity analysis, and user-specified 
parameters. 

4.1. Datasets 

Several cancer microarray datasets with various attributes are uti-
lized in our experiment to demonstrate the usefulness and resilience of 
the suggested gene selection strategy for cancer diagnosis. Lung cancer, 
prostate tumor, leukemia, SRBCT, and Colon are among the used data-
sets. Table 2 summarizes the essential properties of these datasets. These 
datasets were selected based on a variety of factors, including the 
number of samples, genes, and distinct classifications. Colon, for 
instance, is a high-dimensional dataset with a limited sample size, while 
SRBCT and Lung Cancer are multi-class datasets with four and five 
classes, respectively. 

These datasets include genes with missing values; consequently, to 
cope with these sorts of data in the tests, every missing value was 
substituted with the mean of the available data on the associated gene. 

4.2. Classifiers used in the experiments 

To prove the efficiency of the suggested technique, the classification 
prediction power of the chosen genes was tested on three renowned 

classical classifiers, including AdaBoost (AB), Naïve Bayes (NB), and 
Support Vector Machine (SVM). 

SVM is a general-purpose and popular learning machine technique 
for classification purpose. It is one of the most efficient classification 
models based on statistical learning frameworks or Vapnik–Chervo-
nenkis theory. We have used the sequential minimal optimization (SMO) 
in the Waikato environment for knowledge analysis (WEKA) [66]. NB is 
a family of basic probabilistic classification models based on utilizing 
the Bayes’ theorem. Moreover, machine learning meta-algorithm AB (or 
“Adaptive Boosting”) may be used in combination with several other 
learning methods to enhance their effectiveness. 

We have also used WEKA as a framework for implementation of 
other classifiers. In these experiments, SMO, Naïve Bayes, and Ada-
BoostM1 correspond to the WEKA implementation of SVM, NB, and AB 
and are used correspondingly. Moreover, the variables of the indicated 
classification algorithms were adjusted to their default values. In SMO 
implementation of the SVM classifier, the parameters of batchSize, c, 
kernel and numDecimalPlaces are set to 100, 1.0, PolyKernel (E 1.0 - C 
250007) and 2, respectively. Moreover, in this implementation regOp-
timizier is set to RegSMOImproved (epsilon = 1.0E-12, telerance =
0.001 and epsilon Parameter = 0.001). 

4.3. Results 

In our experiments, the efficiency of our gene selection model for 
cancer diagnosis is measured by the accuracy of classification, the 
number of selected genes, and the execution time. 

First, the performance of our method is compared to other gene se-
lection methods on different classifiers. Tables 3 and 4 summarize the 
average Acc across ten separate runs of the unsupervised gene selection 
methods (i.e., FGUFS [15], AGGR [65], and MNMI [48]) and supervised 
gene selection methods (i.e., AHEDL [64], ABCD [33] and CDNC [26]), 
respectively. The mean and standard deviation (in parentheses) of ten 
separate runs are presented for each method and are recorded in these 
tables. Moreover, the best mean value of average accuracy is highlighted 
in boldface. It is shown in Table 3 that, except for the Colon dataset on 
SVM and NB classifiers, the proposed strategy outperforms the other 
gene selection approaches for cancer diagnosis. Nevertheless, MNMI 
acquired the best results in the Colon dataset, and our suggested tech-
nique performs the second-best, delivering virtually equal results to the 
top one. Moreover, in Table 4, the performances of the different su-
pervised gene selection methods in cancer diagnosis are compared in 
terms of Acc and MCC measures. The findings of this table indicated that 
in all cases, the efficiency of our gene selection model is higher than 
other state-of-the-art models on different classifiers. 

Table 5 displays the number of chosen genes for every cancer dataset 
of the six gene selection techniques. It can be noticed that, usually, all 
the six gene selection methods accomplish a large decrease in dimen-
sionality by picking just a small fraction of the original genes. Indeed, 
the developed strategy (SMCEC), on average, obtains the lowest of the 
chosen genes by selecting only 18.50 genes on average, which is equal to 
0.25% of all original genes. 

To measure the execution times of the different methodologies, a 
number of tests were carried out. Table 6 shows the equivalent execution 
times (in seconds) for the tests conducted in both unsupervised and 
supervised modes. Although our proposed model is not the fastest, the 
results show that it performs faster than some other gene selection 
models, such as FGUFS and MNMI in unsupervised mode as well as 
ABCD and AHEDL in supervised mode. As a result of using the maximum 
weighted clique and edge centrality measures, the gene selection of our 
model can remove irrelevant and redundant genes efficiently, although 
with some additional computational complexity. 

In the next experiment, the performance of our introduced similarity 
measure: Symmetrical Uncertainty (SU) of Eq. (2), is evaluated. To this 
end, our similarity measure is compared with four well-known similarity 
measures including Mutual Information (MI) [62], Pearson correlation 

Table 2 
Characteristics of the used datasets.  

Dataset # Genes # Classes # Patterns 

Colon 2000 2 62 
SRBCT 2328 4 83 
Leukemia 7129 2 72 
Prostate Tumor 10509 2 102 
Lung Cancer 12600 5 203  
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coefficient [66], Cosine similarity [67] and Distance correlation [68]. In 
this experiment and for the sake of fair comparison of similarity mea-
sures only, we substituted SU by one of the similarity measure employed 
in the alternative methods (MI, Person and Cosine feature similarity) 

during the graph construction phase and left other phases of our algo-
rithm unchanged. Fig. 4 shows the average classification accuracy of the 
different similarity measures in ten independent runs. The reported re-
sults indicate that the performance of the developed similarity measure 

Table 3 
Efficiency of different unsupervised methods (Best value is denoted in bold).  

Dataset Method Evaluation criteria 

SVM NB AB 

Acc MCC Acc MCC Acc MCC 

Colon FGUFS 75.13 (1.54) 0.60 (0.028) 72.87 (1.64) 0.46 (0.039) 76.53 (3.12) 0.52 (0.084) 
AGGR 77.36 (1.71) 0.59 (0.002) 77.52 (1.52) 0.49 (0.003) 76.58 (2.58) 0.56 (0.062) 
MNMI 82.89 (2.22) 0.62 (0.012) 78.96 (2.01) 0.54 (0.021) 77.81 (2.25) 0.53 (0.009) 
USMCEC 82.09 (3.21) 0.61 (0.008) 78.31 (2.59) 0.53 (0.041) 81.89 (1.12) 0.55 (0.031) 

SRBCT FGUFS 76.69 (0.07) 0.61 (0.002) 75.63 (0.12) 0.58 (0.002) 75.71 (0.15) 0.58 (0.003) 
AGGR 78.21 (1.15) 0.64 (0.001) 78.11 (0.75) 0.63 (0.003) 78.41 (1.29) 0.62 (0.007) 
MNMI 78.60 (1.12) 0.62 (0.004) 77.71 (2.37) 0.61 (0.004) 76.78 (1.25) 0.63 (0.012) 
USMCEC 80.10 (0.25) 0.66 (0.065) 80.78 (1.04) 0.66 (0.012) 78.52 (1.61) 0.65 (0.032) 

Leukemia FGUFS 79.21 (1.38) 0.60 (0.028) 79.42 (0.94) 0.56 (0.020) 79.09 (1.38) 0.58 (0.039) 
AGGR 82.33 (2.52) 0.62 (0.023) 74.36 (2.28) 0.58 (0.013) 83.72 (1.56) 0.56 (0.030) 
MNMI 80.34 (1.94) 0.56 (0.019) 75.53 (1.84) 0.54 (0.021) 82.94 (1.91) 0.59 (0.025) 
USMCEC 85.89 (2.08) 0.64 (0.024) 83.29 (1.88) 0.62 (0.024) 84.89 (2.42) 0.63 (0.038) 

Prostate Tumor FGUFS 77.78 (4.14) 0.63 (0.022) 76.26 (3.04) 0.56 (0.020) 77.49 (4.04) 0.58 (0.018) 
AGGR 76.08 (2.38) 0.61 (0.021) 78.04 (2.32) 0.58 (0.032) 76.99 (2.43) 0.57 (0.067) 
MNMI 74.36 (2.16) 0.58 (0.031) 78.47 (1.61) 0.54 (0.019) 78.81 (2.12) 0.54 (0.049) 
USMCEC 78.67 (3.02) 0.62 (0.021) 80.18 (0.25) 0.62 (0.042) 80.44 (1.76) 0.61 (0.038) 

Lung Cancer FGUFS 76.10 (1.19) 0.60 (0.028) 72.87 (1.62) 0.46 (0.039) 74.03 (3.42) 0.52 (0.081) 
AGGR 75.37 (1.79) 0.59 (0.002) 75.51 (1.50) 0.49 (0.003) 75.43 (2.37) 0.51 (0.072) 
MNMI 74.43 (2.24) 0.58 (0.012) 75.96 (2.14) 0.51 (0.021) 77.86 (2.14) 0.50 (0.029) 
USMCEC 79.19 (3.21) 0.62 (0.008) 78.44 (2.67) 0.53 (0.045) 78.87 (1.18) 0.55 (0.027)  

Table 4 
Efficiency of different supervised methods (Best value is denoted in bold).  

Dataset Method Evaluation criteria 

SVM NB AB 

Acc MCC Acc MCC Acc MCC 

Colon AHEDL 77.56 (1.54) 0.62 (0.032) 79.81 (1.36) 0.58 (0.039) 81.19 (2.64) 0.52 (0.014) 
ABCD 80.39 (1.89) 0.64 (0.034) 81.39 (1.62) 0.61 (0.003) 83.54 (2.02) 0.56 (0.036) 
CDNC 83.89 (2.09) 0.63 (0.019) 78.96 (2.19) 0.59 (0.021) 85.30 (2.23) 0.53 (0.029) 
SMCEC 87.09 (1.51) 0.66 (0.012) 86.32 (2.67) 0.64 (0.041) 87.93 (1.82) 0.68 (0.026) 

SRBCT AHEDL 80.56 (0.96) 0.62 (0.002) 80.60 (1.23) 0.58 (0.009) 81.78 (1.19) 0.64 (0.024) 
ABCD 79.87 (1.87) 0.67 (0.001) 81.69 (1.97) 0.63 (0.026) 80.36 (2.32) 0.67 (0.016) 
CDNC 80.32 (1.37) 0.69 (0.004) 80.96 (2.03) 0.61 (0.016) 82.66 (1.09) 0.69 (0.019) 
SMCEC 83.19 (0.25) 0.72 (0.065) 83.06 (1.65) 0.70 (0.036) 84.02 (1.61) 0.71 (0.015) 

Leukemia AHEDL 89.36 (1.38) 0.70 (0.028) 91.47 (1.34) 0.64 (0.021) 86.09 (2.31) 0.68 (0.031) 
ABCD 88.49 (2.52) 0.69 (0.023) 90.31 (1.97) 0.67 (0.024) 89.72 (1.51) 0.66 (0.026) 
CDNC 90.27 (1.94) 0.67 (0.019) 90.62 (2.36) 0.66 (0.032) 90.94 (2.77) 0.69 (0.021) 
SMCEC 92.09 (2.08) 0.71 (0.024) 92.69 (2.87) 0.69 (0.018) 91.97 (1.39) 0.70 (0.019) 

Prostate Tumor AHEDL 79.78 (1.02) 0.60 (0.021) 80.36 (1.04) 0.62 (0.005) 81.43 (2.36) 0.65 (0.028) 
ABCD 80.68 (2.36) 0.62 (0.016) 79.26 (1.32) 0.64 (0.014) 80.62 (2.91) 0.66 (0.037) 
CDNC 82.16 (2.84) 0.64 (0.025) 80.95 (2.61) 0.62 (0.022) 82.75 (2.39) 0.64 (0.039) 
SMCEC 83.67 (1.19) 0.66 (0.013) 82.36 (1.35) 0.68 (0.036) 83.04 (1.36) 0.68 (0.024) 

Lung Cancer AHEDL 84.25 (1.37) 0.61 (0.017) 84.81 (1.79) 0.46 (0.039) 87.28 (3.42) 0.69 (0.079) 
ABCD 85.37 (1.69) 0.66 (0.008) 85.52 (2.36) 0.49 (0.003) 86.16 (2.37) 0.67 (0.023) 
CDNC 86.41 (2.36) 0.67 (0.019) 85.96 (2.06) 0.51 (0.021) 86.96 (2.14) 0.61 (0.021) 
SMCEC 88.32 (1.26) 0.69 (0.034) 88.41 (2.67) 0.53 (0.045) 89.07 (1.18) 0.70 (0.019)  

Table 5 
Average number of chosen genes of the developed model compared to other methods (The smallest selected gene subset is displayed in bold.).  

Dataset Gene selection method 

USMCEC SMCEC FGUFS AGGR MNMI AHEDL ABCD CDNC 

Colon 13.41 13.04 14.35 15.34 14.28 16.97 17.25 13.87 
SRBCT 17.96 16.87 19.36 18.24 13.64 19.78 20.11 17.24 
Leukemia 20.07 20.14 21.36 24.31 22.18 23.87 24.19 21.84 
Prostate Tumor 21.97 20.67 24.32 23.83 24.19 22.38 25.06 21.03 
Lung Cancer 22.18 21.78 25.19 24.64 26.77 31.92 36.57 22.89 

Average 19.11 18.50 20.91 21.27 20.21 22.98 24.63 19.37  
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is higher than those from all other measures. As an example, on Lung 
Cancer dataset, the classification accuracy of MI, Perason and Cosine 
feature similarity measures are 85.69%, 85.05%, and 86.97%, respec-
tively. However, the classification accuracy of used feature similarity 
measure (i.e., Symmetrical Uncertainty) yields 88.32% accuracy, which 
corresponds to 3.1%, 3.8% 1.55% improvement over MI, Person and 
Cosine similarity, respectively. Strictly speaking, although we 
acknowledge the existence of other stats-of-the art gene selection 
methods, e.g., SVM-RFE [69] and LASSO [70], we restricted our com-
parison to only filter-based methods and discarded wrapper-based 
models. 

4.4. Sensitivity analysis of parameters 

The suggested approach contains two changeable θ and δ parame-
ters. In this section, we want to evaluate whether assigning various 
values has any influence on the performance of the proposed approach. 
The θ parameter is a threshold in the edge filtering in the graph repre-
sentation step that applies to the weighted graph of original genes and 

Table 6 
Average execution time (in seconds) of different gene selection models. The lowest execution time is bold and underlined, and the second-lowest one is in bold).  

Dataset Unsupervised gene selection Supervised gene selection 

USMCEC FGUFS AGGR MNMI SMCEC AHEDL ABCD CDNC 

Colon 81.74 94.32 70.36 84.27 73.69 81.82 89.34 58.29 
SRBCT 83.25 112.57 78.94 108.64 81.36 89.98 93.73 61.36 
Leukemia 90.39 108.63 80.39 94.35 84.69 95.18 94.21 73.12 
Prostate Tumor 250.09 264.64 245.69 258.36 201.69 275.43 319.43 129.43 
Lung Cancer 512.12 753.18 408.64 567.69 487.89 518.63 612.94 343.62  

Fig. 4. Average classification accuracy of different similarity measures on 
different datasets. 

Fig. 5. Average Acc, with different θ values on (a) Colon, (b) SRBCT, (c) Leukemia, and (d) Prostate Tumor datasets.  
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deletes the edges with values lower than θ. This parameter can be set to 
any value in the range [01]. 

The parameter δ is utilized in the final gene selection step to select 
appropriate genes from each maximum clique. In this step, the genes 
that have Edge Centrality values greater than δ, are not added to the 
selected genes. The value of this parameter is critical in determining the 
number of genes to choose and the classifier’s accuracy since it is uti-
lized to limit redundancy. This parameter may be adjusted to any value 
in the range [01]. The resulting gene subset will be overly big, damaging 
natural patterns in the data, and maybe select redundant genes if its 
corresponding value is set to a high value near 1. However, if the 
parameter is set to a modest value near 0, just a limited number of genes 
are selected. Several tests were carried out to investigate the effect of 
varying the value of these parameters on the final cancer diagnosis rate. 

In Fig. 5, the θ parameter sensitivity analysis is illustrated. In this 
experiment, θ parameter was varied from 0.1 to 0.6 in these experi-
ments. The reported results showed that when θ is adjusted to 0.3, our 
model achieves the best performance in all cases. 

Moreover, in Table 7, the δ parameter sensitivity analyses are re-
ported. In this table, the impact of δ parameter on the chosen gene subset 
size as well as the final accuracy of cancer diagnosis are investigated. 
The reported results showed that the higher the value of this parameter, 
the more genes are selected. This can lead to the selection of genes with 
more redundancy and, ultimately, reduce the accuracy of a cancer 
diagnosis. Alternatively, if this parameter is tuned to a lower value 
because the selected genes of each cluster are reduced, and thus the final 
selected genes are reduced; these genes will not be able to represent the 
primary genes adequately, and as a result, the final diagnosis accuracy 
will be diminished. The findings denoted that in most cases when δ 
parameter is set to 0.6, the suggested cancer diagnosis model attained 
the best efficiency. 

4.5. Statistical analysis 

The Friedman test [71] is utilized in this section to conduct a sta-
tistical analysis of the reported findings. Friedman test, a nonparametric 
statistical test, was employed to compare the results of various proced-
ures on diverse datasets, and each technique is ranked on each dataset in 
this fashion. This was accomplished with the help of IBM’s SPSS statis-
tics. Hypothesis H0 (null hypothesis) is on the basis of the similarity of 
the average ranks among the groups in this test. The null hypothesis is 
rejected if there are substantial differences between at least two groups. 
It is not feasible to declare that if the level of significance is smaller 
compared to the level of error, the difference among at least a pair of 
specimens is removed when analyzing Friedman’s test findings. Because 
the test errors are 5%, the significance level must be less than 0.05 to 
fulfill this limitation. The Friedman test results are shown in Tables 8 
and 9. The average ranking determined for each classifier is shown in 
Table 8. The suggested strategy has the highest average rating, accord-
ing to the data. The Friedman test showed a p-value of 0.001834 and 
0.001473 for the classification accuracy of the SVM Classifier in unsu-
pervised and supervised mode, respectively, according to Table 9. We 
can say that the suggested method’s findings are substantially different 
from those of other supervised and unsupervised approaches because 
this value is less than 0.05. Other Friedman test p values for NB and AB 
classifiers, as shown in Table 9, support the conclusion that the devel-
oped technique is substantially different from the other techniques in 
both supervised and unsupervised modes. 

4.6. Biological analysis 

Based on the study [33], the average number of selected genes 
cannot be used for biological analysis. Because of that, the results of the 
developed model in different independent runs were ordered by the 
fitness function that involved Accuracy (Acc), Matthews Correlation 
Coefficient (MCC), and the number of selected genes, as shown in 
Tables 3–5 This does not prove the superiority of the proposed method 
scientifically [72]. For this purpose and to explain that the top-5 selected 
genes are truly cancer-related from the perspective of biology, another 
set of analysis is performed. To this end, for getting insight on the bio-
logical genes, Table 10 lists the selected genes for Colon, Leukemia, and 
Prostate datasets and the correlation between these gene and cancer 
class that is associated with cancer diagnosis. In this paper, information 
gain is employed in the computation of gene-cancer correlations. Our 
study of the Leukemia data selected several significant genes (e.g., 
Y07604_at, M31523_at, U82759_at, X95735_at and Y12670_at) that 
have also been selected in previous studies [73–75] as important genes. 
This finding demonstrates the importance of Y07604_at, M31523_at, 
U82759_at, X95735_at, and Y12670_at genes in cancer prediction, 
which is in line with the results of other previous papers [73–75]. In 
addition, we selected H08393, T61661, T500334, L35545, and Z50753 
genes as the five most important genes in the Colon dataset that were 
reported in previous reseaches [73,76] as the most important 
cancer-related genes in the dataset. 

5. Discussion and conclusion 

The advancement of DNA microarray data provides insights to cli-
nicians to concurrently study multiple elements of gene expression to 

Table 7 
The average number of selected genes and Acc, with different δ values on the 
SVM classifier (Highest Acc is denoted in bold).  

Dataset δ #Selected Genes Accuracy (in %) 

Colon 0.2 8.64 77.65 
0.3 9.12 79.51 
0.4 11.26 85.87 
0.5 12.97 86.32 
0.6 13.48 87.89 
0.7 26.84 81.36 

SRBCT 0.2 13.78 79.25 
0.3 14.32 79.05 
0.4 14.65 80.26 
0.5 15.23 82.64 
0.6 16.35 83.19 
0.7 29.64 81.39 

Leukemia 0.2 17.02 84.65 
0.3 17.65 90.26 
0.4 18.21 91.87 
0.5 18.57 92.14 
0.6 20.89 91.36 
0.7 31.54 91.14 

Prostate Tumor 0.2 17.73 77.65 
0.3 19.61 77.21 
0.4 20.25 78.64 
0.5 20.84 82.65 
0.6 21.32 83.73 
0.7 42.35 81.36  

Table 8 
Mean ranks of the different gene selection models on different classification algorithms.  

Classifier Unsupervised gene selection Supervised gene selection 

USMCEC GCNC FGUFS AGGR SMCEC mRMR FAST FJMI 

SVM 1.25 2.12 2.75 3.87 1.25 2.375 2.875 3.5 
NB 1.25 2.12 3.37 3.25 1.12 2.375 2.875 3.625 
AB 1.25 1.75 3.25 3.75 1.12 2.5 3.125 3.125  
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detect and/or categorize the different forms of cancer and diseases. On 
the other hand, the exponential increase of the scope and scale of DNA 
microarray data imposed significant constraints on the data processing 
pipeline. As a result, developing digital solutions capable of processing 
such a massive amount of eHealthcare data is critical. Machine learning- 
based cancer prediction and microarray data classification rely heavily 
on the gene selection phase. The notion of maximum weighted clique 
problem and edge centrality are combined in this work to provide a 
unique gene selection approach. In this strategy, those genes whose 
similarities to other selected genes are the least and whose dependence 
on the target class is the strongest will be selected. Contrary to prior 
approaches that employ graph theory-based approach for gene selection 
task by calculating the gene connection strength according to direct 
gene similarity, our method used the edge centrality measure instead. In 
this technique, a maximum weighted clique is created in a repetitive 
operation at each iteration, and then the proper genes are chosen among 
the existing genes in this maximum clique utilizing the edge centrality 
concept. This is the first work to use Maximum Clique in gene clustering 
for gene selection purposes, to the best of our knowledge. More gener-
ally, our developed model is the first attempt to use Maximum Clique in 
feature selection problems. This approach improves the clustering effi-
ciency and significantly reduces the redundancy between the chosen 
genes, while it automatically determines the number of clusters. Both 

irrelevant and redundant genes may be dealt with using the suggested 
strategy. This is because the idea of edge centrality is employed to 
determine the extent of the connection between genes. This idea allows 
for more precise detection of the intensity of a relationship between two 
genes. 

5.1. Reasons for the superiority of the developed models 

In the conducted experiments, the developed techniques were 
compared against six renowned, and state-of-the-art filter-based gene 
selection approaches, including AHEDL [64], ABCD [33], CDNC [26] (in 
supervised mode), FGUFS [15], AGGR [65] and MNMI [48] (in unsu-
pervised mode), in terms of gene subset size, classification accuracy, 
Matthew’s correlation coefficient, and execution time. 

Our developed models performed much more precisely in terms of 
Accuracy and Matthews Correlation Coefficient in both supervised and 
unsupervised modes than other state-of-the-art models (Tables 3 and 4). 

Additionally, the developed supervised and unsupervised strategies 
chose the first and second lowest genes on average, where only 18.50 
and 19.11 genes on average across all cancer datasets are employed, 
respectively (Table 5). 

Furthermore, the results of the experiments showed that generally, 
the GCNC and AGGR are faster than the developed methods. Despite the 
fact that our proposed models are not the fastest, the results indicated 
that our models are faster than some other state-of-the-art models and 
have an acceptable execution time. The higher execution time of the 
developed method can be explained by the fact that it uses both the 
criterion of maximum clique and edge centrality as well as the gene 
importance (FS or LS) in consideration of both the redundancy of genes 
as well as the relevancy simultaneously. It should be noted that, in 
medical applications, accuracy is more important than execution time, 
and the results demonstrate that the proposed method is much more 
accurate than AGGR and GCNC (Table 6). 

There are four distinctions between our models and the prior ap-
proaches that may contribute to their superior performance.  

• Irrelevant and redundant genes significantly impact cancer diagnosis 
accuracy and the task of machine learning. As a result, gene selection 
should be allowed to discover and eliminate as many redundant and 
irrelevant genes as possible. Fisher score [77], Laplacian score [78], 
Gini Index [79], Mutual Information [80], Term Variance [81], Gain 
Ratio [82], and Information Gain [79] are the previous univariate 
filter-based gene selection approaches that may successfully elimi-
nate irrelevant genes. Given the ignorance of possible dependency 
among the selected genes, these approaches fail to manage redun-
dant genes and are unable to precisely eliminate them. While certain 
multivariate gene selection approaches, such as UFSACO [36], can 
only find redundant genes, they cannot identify irrelevant genes. To 
balance these two objectives, this work proposes a unique 
graph-based relevancy-redundancy gene selection method for cancer 
diagnosis approach that can effectively eliminate redundant and 
irrelevant genes. In our model, both gene relevancy and gene 
redundancy are considered throughout the gene selection search 
strategy simultaneously.  

• The basic purpose of gene selection is to avoid choosing too many or 
too few genes. There will not be sufficient information for the cancer 
diagnosis task if just a few genes are chosen. If too many genes are 

Table 9 
The results of the Friedman statistics test.   

Unsupervised gene selection Supervised gene selection 

SVM NB AB SVM NB AB 

Chi-Square 16.650 15.620 10.950 15.630 13.600 11.050 
Df 3 3 3 3 3 3 
Asymp.Sig. 0.001834 0.001362 0.011991 0.001473 0.001231 0.013542  

Table 10 
Selected genes sorted by their predictive rate (in %) for different dataset.  

Dataset Rank Gene ID Correlation 
Between Gene 
and Cancer 
Class 

Gene Description 

Colon 1 H08393 81.69 Collagen alpha 2(xi) chain 
(homo sapiens) 

2 T61661 79.98 Profilin i (human). 
3 T50334 79.61 14-3-3-like protein gf14 

omega (arabidopsis 
thaliana) 

4 L35545 78.54 Homo sapiens endothelial 
cell protein c/apc receptor 
(epcr) mrna, complete cds 

5 Z50753 78.06 Homo sapiens mRNA for 
gcap-II/uroguanylin 
precursor 

Leukemia 1 Y07604_at 78.45 Nucleoside-diphosphate 
kinase 

2 M31523_at 77.24 TCF3 Transcription factor 
3 (E2A immunoglobulin 
enhancer binding factors 
E12/E47) 

3 U82759_at 77.08 Homeobox protein Hox- 
A9 

4 X95735_at 76.02 Zyxin 
5 Y12670_at 75.36 Leptin receptor 

Prostate 1 GSTP1 78.59 Glutathione S-transferase 
pi 1 

2 ANGPT1 76.36 Angiopoietin 1 
3 ZFP36L1 74.65 Zinc finger protein 36, 

C3H type-like 1 
4 CRYAB 72.26 Crystallin, alpha B 
5 P4HB 72.09 Prolyl 4-hydroxylase, beta 

polypeptide  
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chosen, the dataset gene space will become cluttered with irrelevant 
and redundant genes, which may degrade the performance of sub-
sequent reasoning tasks. A gene selection based on the relevancy- 
redundancy is employed in the proposed technique, and the quan-
tity of final gene sets is chosen in an automated manner. As a result, 
the developed model offered sufficient information for the cancer 
diagnosis by utilizing an iterative graph-based search strategy.  

• The suggested approach proposes a heuristic search strategy using 
social network methods and does not apply any learning model in the 
process of selecting the final gene set. As a result, it is classified as a 
filter approach that is computationally efficient for high-dimensional 
cancer datasets. As a consequence, the suggested technique is more 
accurate than nature-inspired approaches such as ABCD [33] and 
wrapper-based gene selection techniques, and it can be used to 
large-scale microarray datasets.  

• One of the most popular and effective techniques for gene selection 
in high-dimensional cancer datasets is clustering-based models. In 
order to group similar genes, the proposed method uses a unique 
algorithm that finds the gene clusters (i.e., maximum weighted cli-
ques). By similar grouping genes, the proposed method prevents the 
selection of redundant and similar genes. While existing clustering 
techniques, such as k-means [24] and fuzzy c-means [25], require 
the user to set the number of clusters beforehand, the proposed 
clustering method automatically determines the cluster size. Addi-
tionally, the developed technique computes gene redundancy using 
an edge centrality measure that considers both the local and global 
structures of the graph. In other words, it considers both implicit and 
explicit similarities between genes, whereas other gene selection 
approaches [26,28] consider only direct similarities. 

5.2. Error analysis and limitations 

On average, the developed model achieves 81.18%, 80.20%, and 
80.92% accuracy on SVM, NB, and AB classifiers, respectively, in un-
supervised mode. Moreover, in supervised mode, on average, the ac-
curacy of our model was 86.87%, 87.44%, and 87.20% using SVM, NB, 
and AB classifiers, respectively. On average, the accuracy of the pro-
posed method is about 6.4% higher in the supervised case compared to 
the unsupervised case. This is because, in the case of supervised gene 
selection, the developed model utilizes the labeling of genes to remove 
redundant and irrelevant genes, resulting in a more accurate cancer 
diagnosis. In spite of the fact that this method already outperforms 
several state-of-the-art methods, as shown in the results section of this 
paper, the question remains whether we can improve on it even further. 
The process of our model is hampered by several factors that prevent 
further improvement, which are listed below.  

• The first factor is associated with the explainability problem, where 
clinicians and health authorities hesitate to rely on hard-to-explain 
methods that originate from complex machine learning and black- 
box-based systems. One of the major limitations of our model and 
most other cancer diagnosis models is their inability to explain and 
be transparent. The reliability of a prediction model can be estab-
lished by knowing how the model made the prediction so that phy-
sicians and patients can trust the model. 

• The second factor is related to the gap between biologists and re-
searchers. There is an important acknoweged gap between scientists, 
biologists, and physicians, resulting in many unexplored areas in 
genomic studies. Due to the aforementioned gap, finding the best 
simple as well as accurate techniques and approaches is very 
difficult.  

• Imbalanced data and mislabeling are an important aspect that 
impact the quality of our processing pipeline. Indeed, since the 
scanning is irregular, data imbalance and mislabeling are prevalent 
issues in cancer microarray data where, i.e., one label dominates the 

entire data set. Learning models that are trained on mislabeled and 
imbalanced data will be less generalizable. 

5.3. Future works 

Considering the beforementioned limitations, our future plans are as 
follows:  

• We aim to further improve further interpretability and transparency 
of cancer diagnosis by developing an explainable deep learning 
model in line with our previous investigation in this field.  

• Through the concept of human-computer interaction design, we aim 
to propose a novel Graphical User Interface (GUI) for cancer diag-
nosis that takes advantage of graph analysis and gene visualization in 
order to bridge the gap between traditional human-centered cancer 
diagnosis and the potential future of AI-centered cancer diagnosis.  

• We aim to develop a filter-centric hybrid gene selection model using 
ensemble learning to handle the problem of imbalanced gene selec-
tion for cancer diagnosis. 
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