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Abstract

Community detection has become an important research direction for data mining in complex networks. It aims to identify topo-
logical structures and discover patterns in complex networks, which presents an important problem of great significance. Prediction
of communities from Protein-Protein Interaction (PPI) networks is important problem in system biology as they control different
cellular functions. These networks represent a set of proteins that collaborate at the same cellular function. With the increment of
genome-scale protein–protein interaction data for different species, various computational methods focus on identifying protein
community from PPI networks. In this paper, we are interested in evaluating the proposed genetic algorithm GA-PPI-Net and three
clustering methods for community detection. In the computational tests carried out in this work, the proposed genetic algorithm
achieved excellent results to detect existing or even new communities from PPI networks.
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1. Introduction
Community detection in networks play major roles in the topics of modern network science. It yield useful in-

sights into the structural organization of a network and can serve as a basis for understanding the correspondence
between structure and function (specific to the domain of the network). In this paper, we are interested in detecting
communities in biological networks. We mainly focus on Protein-Protein Interaction (PPI) networks. These networks
are mathematical representations of the physical contacts between proteins in the cell. The network of interactions
between proteins is generally represented as an interaction graph, where nodes represent proteins and edges represent
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pairwise interactions. These networks have received much attention in the last few years since they model the complex
interactions occurring among different components in the cell [26]. An important challenge for modern biology is to
understand the relationship between the organization of a network and its function. In particular, it is essential to ex-
tract functional modules such as protein communities from global interaction networks [4]. The detected communities
give us an idea about the perception of the network’s structure. This work is multidisciplinary as it brings the field of
biology and computer science in the broad sense. Thus, the goal is to find communities of genes having a biological
sense (that participate in the same biological processes or that perform together specific biological functions) from
gene annotation sources.

A lot of research effort has been put into community detection in different academic fields. Meanwhile, several
clustering methods and various methods based on Genetic Algorithms (GA) have been proposed. These methods
are based on evolutionary approaches. They are used to overcome some drawbacks such as scaling up of network
size. Indeed, clustering methods to detect communities are unsuitable for very large networks and require a priori
knowledge about the community structure, such as the number and the size of communities which is not easy or
impossible to obtain in real-world networks [32]. The later, based on GA, are very effective for community detection
especially in very large complex networks [26]. However, the vast majority of optimization methods proposed to
detect community in PPI networks use graph topology and do not use similarity measures between proteins [26].

In this study, we perform a systematic quantitative and qualitative evaluation of the capability of three computa-
tional methods and a proposed GA (named as GA-PPI-Net) [3] for inferring communities from PPI networks. The
three methods tested are Markov Clustering (MCL [33]), Restricted Neighborhood Search Clustering (RNSC [12]) and
ClusterOne [18]. MCL discovers densely connected sub-graphs by making use of a random-walk approach through
simulating flow expansion and contraction using what are called expansion and inflation operators. A number of dense
clusters can be extracted from the incidence matrix of a PPI network graph when MCL achieves convergence [33].
RNSC can find protein communities in a given PPI network graph by graph partitioning. It attempts to find an opti-
mal set of partitions of a PPI network graph by employing different cost functions that are defined in terms of edge
density, cluster size and functional homogeneity [12]. ClusterOne uses the cohesiveness score of a cluster based on
the cluster size and the intra and extra-cluster weighted degrees of nodes. It iteratively selects the unclustered node
with highest degree as the seed of a cluster. Clusters with maximal cohesiveness score are constructed by greedily
adding or removing nodes [34]. The GA-PPI-Net is an evolutionary algorithm that allows to find communities having
different sizes. It uses the similarity measures as well as the interaction measure between proteins or genes and tries to
find the best proteins community by maximizing the concept of community measure. For each approach, we use the
proposed optimal parameters in [4, 34] and [3]. The reasons for selecting these computational methods are as follows:
(1) they achieved the best performance in this field and (2) the implementations of these methods are available [34].
Algorithms like MCL, RNSC and ClusterOne identify protein community in PPI networks based only on network
topologies [9]. However, the GA-PPI-Net is not only based on graphical topology but also on semantic similarity be-
tween nodes. To our knowledge, GA-PPI-Net is the only communities detection method that uses both semantic and
topological measures. The main contribution of this paper is to evaluate and to compare a genetic based approach with
respect to analytical algorithms in order to prove that this approach is suitable with community detection problem.
The novelty is to use a specific evaluation measures: i) the recovered percentage of each identified communities in an
existing networks by using DAVID Tools; ii) semantic similarity measure and interaction score .

The contents of this paper are organized in five main sections. The next section presents an overview of some
existing community detection algorithms. Section 3 provides the used data in this study. In section 4, experimental
results on real data sets are presented and analyzed. Finally, section 5 reports the conclusion.

2. Community detection related methods
The task for network community detection is to divide the whole network into small parts or groups which are

also called communities. In the literature, there is no uniform definition for community, but in academic domain, a
community (also called a cluster or a module) is defined as a group of nodes that are connected densely inside the
group but connected sparely with the rest of the network. Radicchi et al.[27] propose two definitions of community.
These definitions are based on the degree of a node (or valency). It is the number of edges incident to the node. In the
first definition, a community is a subgraph in a strong sense: each node has more connections within the community
than the rest of the graph. In the second definition, a community is a subgraph in a weak sense: the sum of all incident
edges in a node is greater than the sum of the out edges. The problem of community detection has been receiving
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a lot of attention, in recent years, especially to predict communities from biological networks and many different
approaches have been proposed. The literature survey is divided into two categories: community detection based on
analytical or computational approaches and those based on evolutionary approaches [34] [25].
2.1. Analytical Approaches
2.1.1. Related Methods

Analytical methods firstly split networks into subgroups according to their topological characteristics, then the
modularity assessment is applied. The modularity is a measure of the structure of networks or graphs which measures
the strength of division of a network into communities. It is defined as the fraction of edges inside communities minus
the expected value of the fraction of edges, if edges fall at random without regard to the community structure. A well
known algorithm in this category is the one presented by Girvan and Newman [8, 19]. It is a divisive hierarchical
clustering method based on an iterative removal of edges from the network. The edge removal splits the network in
communities. The removed edges are chosen by using betweenness measures (that represents the number of shortest
paths between all vertex pairs that run along the edge). The idea underlying the edge betweenness comes from the
observation that if two communities are joined by a few inter-community edges, then all the paths from vertices in
one community to vertices in an other pass through these edges. Paths determine the betweenness score to compute
for the edges. By counting all the paths passing through each edge, and removing the edge scoring the maximum
value, the connections inside the network are broken. This process is repeated, thus dividing the network into smaller
components until a stop criterion is reached. The stop criterion is the modularity. The author in [19] presents an ag-
glomerative hierarchical algorithm that optimizes the concept of modularity. This algorithm computes the modularity
of all the obtained clusters by applying the hierarchical approach, and returns as result the clusters having the highest
value of modularity.
2.1.2. Selected Methods

The graph clustering algorithms applied to biological networks, aim at identifying densely connected sub-graphs
by considering graph modularity and density. For example, one of the most popular graph clustering algorithm is the
Markov Cluster algorithm (MCL) [33]. It is a fast and scalable unsupervised cluster algorithm for graphs. It has been
applied in a number of different domains, mostly in bioinformatics. It is based on simulation of a flow expansion on
the graph by calculating successive powers of the associated adjacency matrix. At each iteration, an inflation step
is applied to enhance the contrast between regions of strong or weak flow in the graph. The process converges to-
wards a partition of the graph, with a set of high-flow regions (the clusters) separated by boundaries with no flow [4].
Another dense sub-graph identification algorithm is the Restricted Neighborhood Search Clustering (RNSC) [12]. It
is a clustering algorithm that uses local search methods to attractively improve a clustering on a graph. It explores
the solution space to minimize a cost function, calculated according to the numbers of intra-cluster and inter-cluster
edges. Beginning from an initial random solution, RNSC iteratively moves a vertex from one cluster to another if
this move reduces the general cost. When a number of moves has been reached without decreasing the cost function,
the program ends [12]. Given a PPI network represented as a graph that contains vertices representing proteins and
edges representing protein interactions, these algorithms can discover sub-graphs or clusters based on different topo-
logical properties such as density, k-cores, core-attachment structures and peripheries. In [18], an algorithm named
Clustering with Overlapping Neighborhood Expansion (ClusterOne) is proposed to find protein communities. It is a
graph clustering algorithm that is able to handle weighted graphs and readily generates overlapping clusters. It merges
highly overlapping clusters and discards all small and sparse clusters. In each iteration, it selects a vertex as a core and
extends it through the neighboring vertices with the aim of increasing the density of the growing cluster [18]. Clus-
terOne merges highly overlapping clusters and discards all small and sparse clusters [34]. Based on most approaches
that are proposed to identify protein communities in PPI networks, we find that both topological and semantic simi-
larity information is very effective for identifying protein communities, although there are no methods taking into the
consideration both of the two types of information. We also find that most algorithms identify protein communities by
finding a number of clusters with some particular properties that are optimized [9]. Algorithms like MCL, RNSC and
ClusterOne identify protein communities in PPI networks based only on network topologies [9].
2.2. Evolutionary approaches
2.2.1. Related Methods

Various evolutionary based algorithms (EAs) have been proposed to provide different approaches to solve the com-
munity detection problem [2]. Evolutionary Computation is a powerful search and optimization technique inspired by
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the process of natural evolution, successfully applied for the solution of many difficult real-world problems. Evolu-
tionary methods are flexible methods that can be used, in principle, to solve any type of problem, provided that the
problem can be formulated as an optimization task. These methods consist of population initialization, followed by
variation and selection operators to improve the value of a criterion, able to escape from local minima, while exploring
the search space during the optimization process[22, 25]. Many community evaluation criteria have been proposed
and quantities of methods that combine either single objective or multiobjective EAs with community detection have
emerged. Most if not all of these methods share the common feature that they model the community detection prob-
lem as an optimization problem [5]. The single objective methods optimize a single property, while the multiobjective
approaches simultaneously optimize competing objectives. The most popular single evaluation criterion is the modu-
larity proposed by Newman and Girvan [19]. Since 2002, several methods that divide networks into clusters according
to the modularity criterion have been developed [2]. In [32] and [15], the authors presented an approach based on a GA
to optimize the network modularity introduced by Newman and Girvan [8]. However, some studies have indicated that
the optimization of modularity has several drawbacks [5]. First, it has the resolution limitation, i.e., maximising the
modularity can fail in finding communities smaller than a fixed scale, even if these communities are well defined. The
scale depends on the total size of the network and the interconnection degree of the communities [7]. Second, maxi-
mizing the modularity is proved to be NP-hard [5]. These drawbacks can constitute a weakness for all those methods
whose objective is to optimize the modularity. To avoid the resolution limitation of modularity, many multi-resolution
models have been developped [5]. Pizzuti [23] has proposed an algorithm named GA-Net and has used a special as-
sessment function called community score that uses only graph topology. This community score takes one parameter
r which is hard to tune because high values of r help to detect communities and low values of this parameter return
no communities. A modification of the modularity has been proposed in [14] with the concept of modularity density.
The authors prove that modularity density has a number of advantages with respect to modularity, such as detecting
communities of different sizes. Single objective optimization identifies a single best solution that gives insights on the
graph organization. However, this solution could be biased toward a particular structure inherent inside the criterion
to optimize [5]. These methods have obtained very good results on both artificial and real-world networks [25]. We
remind that the intuitive notion of community is that the number of edges inside a community should be much higher
than the number of edges connecting to the remaining nodes of the graph. Thus, it has two different objectives: 1)
maximizing the internal connection links and 2) minimizing the external connection links [25]. Thus, on the basis
of these objectives, many multi-objective community models have been established. The first proposal framework to
uncover community structure has been presented by Pizzuti [24]. In particular, the method introduces two objectives:
maximizing the community score proposed by [23] and minimizing the community fitness put forward by [13]. Then,
the fast elitist non-dominated sorting genetic algorithm (NSGA-II) proposed in [6] has been applied. A variation of
this method has been proposed by Agrawal [1]. The objectives to minimize are the modularity proposed by Newman
and Girvan [8] and the community score proposed by Pizzuti [23]. Surveys on the selection of objective functions
in multiobjective community detection can be found in Shi et al. [30]. Multi-objective evolutionary approaches, like
the single objective ones, are able to discover community structures of quality comparable with, or even better than,
those obtained by analytical methods. Optimizing multiple objectives allows a simultaneous evaluation of community
structure from different perspectives, then it is the user’s responsibility to choose a solution [5]. The choice of the
objectives to optimize should take into account the suggestions given by Shi et al.[30], where a comparison of several
objective functions in a multi-objective framework has been performed [25].

The use of evolutionary methods for community detection presents a number of advantages [25]: i) During the
search process, the communities’ number is generated automatically; ii) Domain-specific knowledge can be incor-
porated inside the method, such as biased initialization, or specific variation operators instead of random, allowing a
more effective exploration of the state space of possible solutions; and iii) The efficient implementations of population-
based models can be realized to deal with large size networks. EAs have been shown to be very efficient at dealing
with problems, such as NP-Complete problems that can otherwise be hard to tackle [9]. Recently, EAs have been
used for graph clustering. They have been applied in social networks and have used only graphical topology and no
semantic similarity between nodes [26].

2.2.2. GA-PPI-Net Approach
GA-PPI-Net is an evolutionary algorithm, that aim at identifying communities of proteins [3]. It allows to find

communities having different sizes using the interaction and similarity criterion. It uses the similarity measures as well
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as the interaction measure between proteins and tries to find the best protein community by maximizing the concept
of community measure. It is based on the concept of community score which it allows to combine the semantic and
the interaction criterion. The community measure denoted F of a solution S is computed using equations 1.

F(S ) = W1 AVGS im(S ) +W2 AVGInteraction(S ) (1)

where:
• W1 and W2 : weights ∈ [0, 1].
• AVGS im(S ) =

∑
i, j ∈ [1,n], i� j S IMGS 2(Gi,G j)/n (2)

Where: i) Gi and G j are two different genes in the community S ; ii) n: the size of the community S ; iii)
S IMGS 2(Gi,G j): the similarity value between two genes (Gi,G j) in S , it is calculated using the semantic simi-
larity measure GS2 [28];
• AVGInteraction(S ) =

∑
i, j ∈ [1,n], i� j

InteractionValue(Gi,G j)/n (3)

Where: InteractionValue(Gi,G j) is the value of an interaction between two genes (Gi,G j) in S extracted from
STRING Database [16].

This concept provides a solution of communities that are semantically similar and interacting. Moreover, it is based
on a specific solution for representing a community and a new genetic operation that is a specific mutation operator.
The algorithm outputs the final community by selectively exploring the search space [3]. It works as follows:

Algorithm 1 General Algorithm of the GA-PPI-Net approach
Require: algorithm parameters, problem instance
Ensure: best solution to the optimization problem

Begin
1: Initialize population
2: Evaluate the initial population
3: for i = 1 to max iteration do
4: Select parents for mating
5: for each pair of candidates in the set of parents do
6: Generate an offspring through genetic operator - crossover and mutation - with respectively a probability pc

and pm

7: Evaluate the fitness of the offspring
8: Replace the worst existing individual in the population by the obtained offspring
9: end for

10: end for
End

3. Material and methods
3.1. Contending algorithms

We compared the performance of the GA-PPI-Net [3] approach with three clustering contenders, including: Markov
Clustering (MCL), RNSC and ClusterOne. We prioritized the inclusion of these clustering approaches which have
implementations in the public domain and do not rely on availability of additional knowledge to facilitate fair com-
parison. We used the CDAP package. It is an online package that contains the implementation for these protein
communities detection methods. It can be accessed from http://www.eslahchilab.ir/sofwares/cdap. It ranks
algorithms on various PPI datasets such as Collins, Gavin, Krogan-core and Krogan-extended. And, it is based on
three well-known gold standard: MIPS, SGD and CYC2008. The functionality of the package can be easily extended
to incorporate new datasets, new gold standards and compare novel methods with previously developed methods.
Since all of these approaches depend on multiple parameters, we have used the values proposed by [4]. Optimizing
the parameters is challenging since they depend on both the networks and gold standards used as well as on the
objective to be optimized.

3.2. Used data
To understand this work, we define some terms that are important for our discussion:
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• A biological network is a multiple biological pathways interacting with each other, example of biological net-
works: PPI networks [17].
• Protein-Protein interaction (PPI) networks are commonly modeled via graphs, whose nodes represent proteins

and whose edges, that are undirected and possibly weighted, connect pairs of interacting proteins. They are
essential to almost every process in a cell, so understanding PPIs is crucial for understanding cell physiology
in normal and disease states. It is also essential in drug development, since drugs can affect PPIs. PPI networks
are mathematical representations of the physical contacts between proteins in the cell [20].
• A biological pathway is a series of actions among molecules in a cell that leads to a certain change in the cell

[17]. There are many types of biological pathways such as metabolic pathways or Gene-regulation pathways.
To test the GA-PPI-Net approach and compare its performance with contending algorithms, we used PPI networks

and gold standards of an existing protein community corresponding to human space. We used a real communities exist-
ing in KEGG Pathway Database [11].The KEGG Pathway Database (Kyoto Encyclopedia of Genes and Genomes) is
a knowledge base for systematic analysis, linking genomic information with higher order functional information. The
genomic information is stored in the GENES database, which is a collection of gene catalogs for all the completely
sequenced genomes and some partial genomes with up-to-date annotation of gene functions [11].

To get the interaction between genes, we use the STRING (Search Tool for the Retrieval of Interacting
Genes/Proteins) database. It is a biological database and web resource of known and predicted PPI. It contains in-
formation from several sources, including experimental data, computational prediction methods and public text col-
lections [16, 31]. This database presents the couples of proteins that are interacting, the mode of interaction between
these couples and the interaction score which defines the number of citations of this interaction in the literature.

To get the genes’ annotation, the Gene ontology (GO) is used. GO describes the knowledge of the biological and
biomedical domain with respect to three aspects [35]: i) Cellular Component (CC): the parts of a cell or its extracellular
environment; ii) Molecular Function (MF): the elemental activities of a gene product at the molecular level, such as
binding or catalysis; iii) Biological Process (BP): operations or sets of molecular events with a defined beginning and
end, pertinent to the functioning of integrated living units: cells, tissues, organs, and organisms. It is structured as a
directed acyclic graph, where each GO term is a node, and the relationships between the terms are edges between
the nodes. The three GO aspects (cellular component, biological process, and molecular function) are disjoint. Hence
GO is three ontologies. A GO annotation represents a link between a gene product type and a molecular function,
biological process, or cellular component type (a link, in other words, between the gene product and what that product
is capable of doing, what biological processes it contributes to, and where in the cell it is capable of functioning in the
natural life of an organism) [10].
3.3. Validation Protocol

The GA-PPI-Net [3] was evaluated with the three clustering methods (MCL, RNSC and ClusterOne) on five widely
used sets of real PPI network data. These datasets can be collected from the KEGG pathway database and represent-
ing the network of protein interaction in the human spaces. In order to evaluate GA-PPI-Net to successfully detect
communities in a PPI network, we use randomly selected proteins that are present in known communities from the
reference pathway database KEGG. More precisely, this approach has been tested with five datasets. In total, we have
595 genes by removing the redundant genes. These datasets correspond to real and existing communities and are
collected from the KEGG pathway database. We run GA-PPI-NET 20 times with proteins chosen randomly from the
five datasets. And, we retained each time the best community detected by GA-PPI-Net. Thus, we have 20 best com-
munities with sizes varying from 5 to 40. The clustering methods (MCL, RNSC and ClusterOne) was run on CDAP
by incorporating the five proposed datasets and KEGG pathway that contain a real and existing communities as a gold
standard. Then, we filter the identified communities in order to obtain communities having size more than five. We
obtained 23, 21 and 28 clusters of MCL, RNSC and ClusterOne respectively. Then we choose randomly 20 clusters
having different sizes of each methods in order to evaluate and compare them with GA-PPI-NET.
3.4. Performance measures

The predicted community based on the clustering obtained by the selected computational approaches (MCL, RNSC
and ClusterOne) were compared with those obtained by the GA-PPI-Net approach. First, we check if the identified
communities exist in real biological pathway databases such as KEGG, BIOCARTA, Reactome, EC-Number and
BBid. This checking is achieved by the DAVID tools, which compare the predicted communities with others in differ-
ent databases and gives the percentage of proteins that belong to the existing communities in those databases. DAVID
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Table 1. Optimal Parameters

RNCS Parameters values GA-PPI-Net Parameters Values

Diversification frequency 50 Population size 30
Shuffing diversification length 9 Generation number 100
Tabu length 50 Crossover rate 0.8
Tabu list tolerance 1 Mutation rate 0.01
Number of experiments 3
Naive stopping tolerance 1
Scaled stopping tolerance 15

bioinformatics resources consist of an integrated biological knowledge-base and analytic tools that aim at systemati-
cally extracting biological meaning from large gene/protein lists. It is the most popular functional annotation program
used by biologists [29]. It takes as input a list of proteins and exploits the functional annotations available on these
genes in a public database such as, KEGG Pathways Biocarta, Reactome, BBID and EC Number, in order to find
common functions that are sufficiently specific to these genes.

Moreover, we use the semantic similarity to evaluate these approaches. Functional similarity between two proteins
can be assessed by semantic similarity of their respective Gene Ontology annotation terms [3]. We employed the GS2
measure (GO-based similarity of gene sets) to determine similarity between protein pairs in a given community. GS2
quantifies the similarity of the Gene Ontology annotations among a set of proteins by averaging the contribution of
each all gene’s Gene Ontology terms and their ancestor terms with respect to the Gene Ontology vocabulary graph
[28]. The semantic similarity of a community was summarized by the average of the semantic similarity of the protein
pairs in the community. The similarity average AVGSim is defined in (eq 2).

Further, structural quality of an identified community was assessed by the average of the interaction value between
each pairs’ proteins of a community. The average interaction value denoted AVGInteraction of a solution S is defined
in (eq 3) .

4. Results and discussion
In this section, we comprehensively evaluate and compare the performance of the GA-PPI-Net [3] with the three

clustering methods (MCL, RNSC and ClusterOne) on five widely used sets of real PPI network data. They include:
(i) Apoptosis (88 genes), (ii) B cell receptor signalling (75 genes, (iii) Purine metabolism (159 genes), (iv) Rna
degradation (159 genes) and (v) Oocyte meiosis (114 genes). In total, we have 595 genes by removing the redundant
genes. These Data sets can be collected from the KEGG pathway database and represent the network of protein
interaction in the human space. We use these datasets to evaluate the capability of these algorithms to extract relevant
communities from high-throughput datasets.

As introduced in section 4, the clustering methods chosen for the experimental study are MCL, RNSC and Clus-
terOne methods. The MCL and RNSC parameters are defined as proposed in the study of Brohée [4], where the
Inflation parameter for MCL is set to 1.8. MCL parameters are summarized in Table 1. For ClusterOne, we use the
default parameters values. Concerning the GA-PPI-Net parameters, they are defined with an optimized set of values
presented in [3] and given in Table 1.

In this study, we run these clustering methods on CDAP by incorporating the five proposed datasets and KEGG
pathway that contain real and existing communities as a gold standard. Then, we filter the identified communities
in order to obtain communities having size more than five. For the GA-PPI-Net approach, we run AG 20 times
with proteins chosen randomly from the five proposed datasets. And, we retained each time the best community. A
thorough comparison is not easy because the identified communities for propositions haven’t the same sizes and the
same constitution. Hence, the same datasets were used and we get 20 communities with diverse sizes varying from 5
to 45.

To inspect the performance of three clustering methods and the GA-PPI-Net with respect to structural, functional
quality and biological relevance of the resulting communities, we first, evaluate this communities by checking if they
exist in KEGG or in other biological pathway databases. Each new identified community is presented to the DAVID
tools, which compares this community with others in different databases and gives the percentage of proteins that
belong to the existing communities in those databases. Table 2 estimates the recovery rate of the found communities
with existing communities in different biological databases.
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Table 2. Evaluation of new communities.

Methods Pathway Databases Percentage Min Percentage Max

BBid 9.09% 62.5%
Biocarta 9.09% 87,5%

MCL Ec number 9.09% 100%
Reactome pathway 6,81% 100%
KEGG pathway 10.52% 100%
BBid 13,33% 80%
Biocarta 4,28% 100%

RNSC Ec number 34,280% 100%
Reactome pathway 13,33% 100%
KEGG pathway 13,3333% 100%
BBid 8,33% 35.71%
Biocarta 7,14% 80%

ClusterOne Ec number 30% 100%
Reactome pathway 8,33% 100%
KEGG pathway 5,55% 100%
BBid 25% 50%
Biocarta 20% 66.66%

GA-PPI-Net Ec number 15.38% 100%
Reactome pathway 15.38% 100%
KEGG pathway 15.38% 100%

The results presented in Table 2 show that the identified communities correspond to some ”parts” of real commu-
nities existing in other biological pathway databases, and in some cases to a complete network (percentage 100%).
Therefore, all the methods were able to efficiently rebuilt communities existing in real biological pathway databases.
GA-PPI-Net approach, as well as the three selected clustering approaches, achieve the highest percentage 100% in
three pathway databases: Reactome , KEGG and Ec number. For example, on the Reactome database, the GA-PPI-Net
approach obtained the max percentage value 100% which corresponds to a complete network. The worst percentage
value is of 15.38% which corresponds to some ”parts” of the real communities. Nevertheless,GA-PPI-Net exhibited
the largest Percentage Min with respect to MCL, RNSC and ClusterOne. These tests should be supplemented on a
larger scale with other datasets and different communities.

With respect to the functional and structural quality of the communities, we determined the semantic similarity
and the interaction score for every pair of proteins in each predicted community (i.e. clusters) and compared the
distribution of these values over all communities for the four contenders. The semantic similarity between two proteins
can be assessed by semantic similarity of their respective GO annotation terms [21]. We employed the GS2 (GO-
based similarity of gene sets) method [28] to determine similarity between protein pairs in a given community. And
the interaction score is selected form the string database. In this study, the semantic similarity and the interaction
score of a community are summarized respectively by the average of the semantic similarity (eq 2) and the average
of interaction score (eq 3) of the protein pairs in the community. An example representing the result of these tests are
described in Table 3. The results are summarized with a box plot in figure 1.

The GA-PPI-Net exhibited the largest average semantic similarity with respect to the three clustering methods
where the size of the identified community is equal to 24. Table 3 demonstrates that the GA-PPI-Net has the largest
semantic similarity values in this example of identified communities. Figure 1 demonstrates that the GA-PPI-Net finds
communities having higher quality than the other clustering methods according to the median values of AVG similarity
and interaction. As illustrated in figure 1, GA-PPI-Net has recorded the best median value for both AVG Similarity and
AVG Interaction measures. Figure 1(a) demonstrates clearly how GA-PPI-Net is able to find communities with high
similarity measures with a first median quartile varying between 0.75 and 0.86. The upper born of the first median
quartile with computational methods is about 0.83 given by the MLC method. According to the AVG Interaction,
GA-PPI-Net is not able to obtain the highest values recorded by the computational methods. However, it has the best
median and global performance. All the GA-PPI-Net communities (except one) have an AVG Interaction value varying
between 0.7 and 0.86. The worst performance according to this measure is recorded by the ClusterOne method. The
GA-PPI-Net tries to find the best community by maximizing the concept of community measure. This measure is not
related to the density of groups but it is based on semantic similarity and interaction between genes. The algorithm



 Marwa Ben M’barek  et al. / Procedia Computer Science 192 (2021) 903–912 911

Author name / Procedia Computer Science 00 (2021) 000–000 9
Table 3. Semantic similarity and interaction values

Method community size AVG Similarity AVG Interaction Method community size AVG Similarity AVG Interaction

5 0.67 0.75 5 0.76 0.33
6 0.81 0.33 10 0.53 0.7
7 0.72 0.74 11 0.94 0.4

RNSC 8 0.52 0.89 ClusterOne 12 0.55 0.48
9 0.57 0.81 13 0.6 0.34
12 0.69 0.72 22 0.56 0.3
16 0.73 0.76 38 0.527 0.29
6 0.74 0.73 6 0.86 0.86
8 0.63 0.86 7 0.74 0.84
10 0.53 0.78 7 0.83 0.74

MCL 11 0.55 0.71 GA-PPI-Net 7 0.77 0.84
20 0.59 0.63 13 0.58 0.78
21 0.33 0.56 14 0.56 0.79
44 0.61 0.49 24 0.96 0.77

(a) AVG Similarity (b) AVG Interaction

Fig. 1. Synthesis of AVG Similarity and AVG Interaction measures recorded with MCL, RNSC, ClusterOne and GA-PPI-Net.

outputs the final community by selectively exploring the search space contrarily to the MCL, RNSC and ClusterOne
methods wich give a partition by the use of a distance measure.

To conclude, the results show the capability of GA-PPI-Net to effectively deals with community identification in
networks. It also turns out that the evolutionary approach can be complementary to the analytical approach. Indeed,
GA analyzes the network in different ways and is able to detect communities that have not been identified by the
computational methods. It would be interesting to apply both approaches in parallel for a better analysis of the PPI
network.

5. Conclusion
In this paper, we have evaluated the capability of three graph-based clustering algorithms (MCL, RNSC, Cluster)

and a genetic algorithm-based approach (GA-PPI-Net) to find protein communities from PPI networks. This evalu-
ation has led us to elaborate the performance of these methods. Detailed comparisons were carried out to assess the
quality of the obtained results considering three aspects. The first one was in terms of checking if the obtained com-
munities already exist in real biological pathway databases. The second aspect concerned the functional quality of the
detected communities, it was assessed using a semantic similarity based on Gene Ontology. Finally, the third aspect
concerns the interactions between the genes of the identified communities. Experimental results have shown that the
evolutionary based approach GA-PPI-Net deals with community identification in PPI networks. Further extensions
will be proposed to evaluate and compare the GA-PPI-Net with evolutionary based approach.
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