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• We employed NSGAII to detect potential communities effectively.
• The algorithm overcomes the representation limits and find overlapping communities.
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a b s t r a c t

The problem of community detection as one of themost important applications of network
science can be addressed effectively by multi-objective optimization. In this paper, we aim
to present a novel efficient method based on this approach. Also, in this study the idea of
using all Pareto fronts to detect overlapping communities is introduced.

The proposed method has two main advantages compared to other multi-objective
optimization based approaches. The first advantage is scalability, and the second is the
ability to find overlapping communities. Despitemost of theworks, the proposedmethod is
able to find overlapping communities effectively. The new algorithm works by extracting
appropriate communities from all the Pareto optimal solutions, instead of choosing the
one optimal solution. Empirical experiments on different features of separated and over-
lapping communities, on both synthetic and real networks show that the proposedmethod
performs better in comparison with other methods.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

During the last two decades, a new field of multidisciplinary research has gained considerable attention as complex
networks analysis. With the growth of networks, they become more complex, so different analysis methods emerged,
and new relations are defined. On the other hand, community detection is essential for understanding the structure and
organizational function of networks [1] and because of its vast applications and potentially useful results, has attracted wide
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attention. For example nodes belonging to the same community, aremore likely to have properties in common [2]. This gives
us a lead to improve results in many other network analyses, such as link prediction, information diffusion and so on.

Although there are different definitions of community, but mostly community detection refers to detecting a group
of nodes that are densely connected, or are similar enough according to a similarity function. In addition, most of the
community structures in real networks, have overlap with other communities in the network, which makes community
detection analysis more complicated. However, community in networks is not a well-defined concept, so researchers define
communities based on the concept and the problemunder study. Therefore, there are different definitions of communities [3]
, the most accepted definition of community detection in a complex network is based on topology of its edges. According to
this definition, a community detection approach is to find the dense parts of the network, in other words, the aim of such
community detection is to detect groups of nodes that have many edges among themselves and few edges with the rest
of the network. Using this definition, we define two objective functions: one for minimizing links between communities
and another one for maximizing internal links within communities. The goal is then to optimize these two functions
simultaneously. Nevertheless, there are two problems with multi-objective optimization based approaches in community
detection, initially, the high complexity of the approach causes slow algorithm running times, and second, the inability to
find overlapping communities because of representation limits. In this research, we propose an algorithm to overcome these
limitations.

2. Related work

Many researches have been done to detection and evaluation of overlapping communities depending on the type of the
network and the application of the research. For example, there is extensions of the modularity measure for undirected,
directed, weighted and overlapping communities so according to the case the measures and methods can be used. Some
overlapping community detection methods are based on local expansion, the idea is, communities can be detected by
growing a natural set of densely connected nodes. One of these methods is Clique Percolation Method (CPM) [4] that begins
by identifying all k-cliques in the network and by iteratively connecting k-cliques detect overlapping communities. Another
method is OSLOM [5] which iteratively tests statistically significance of a cluster with null model and grow the community
by adding the neighbors if they improves the value. Somemethods are agent based, in COPRA [6] each node have a belonging
coefficient to each community and iteratively updates by averaging the coefficient from all its neighbors. SLPA [7] is another
method, which is based on information propagation, each node has a label and updates its label according to its neighbors
label, unlike the label propagation method [8] in SLPA each node has a memory to keep the information of the previous
steps. Also to define evaluation measures for overlapping communities some researches have been done, for example in [9]
the authors proposed a centrality measure named Clique Overlap and using the clique-by-clique co-membership, proposed
a method to clustering the network. Also in [10] the authors model the data (GDP/capita of EU countries) as a weighted
clique and introduced the ‘‘Overlapping Index’’. So by using statistically relevant eigenvectors, the clusters can be detected
and varying a threshold to filter the weighted edges, hierarchies will be emerged. On the other hand, for directed networks
in [11] the authors presented a method using information diffusion and in [12,13] authors have extended the modularity
which is introduced by Newman in [14] to especial case of directed and overlapping communities.

However, one of the main trends in community detection approaches is modeling the problem as an optimization
problem, and since usually it is an NP-hard problem, to solve the model very often evolutionary algorithms are used. One
of the early studies in employing evolutionary algorithms in network clustering is GA-net [15] where the authors have
defined amathematicalmodel for community detection and tried to optimize the objective function using genetic algorithm.
Some researchers considered community detection as a multi-objective optimization problem, and most of them were
somehow inspired by the modularity concept. In this way, they aimed to simultaneously increase the intra-community
links and decrease inter-community links as two objective function. For example, Pizutti [16] has defined two objective
functions, first as a community score, which evaluates the quality of communities by measuring the intra-community links,
and the second one is community fitness, which evaluates the fitness of a node to a community. Then using amulti-objective
optimizationmethodmaximizes both functions. Similarly Gong et al. [2] and [17], have defined two objective functions, first,
ratio association, is the ratio of internal degrees to number of nodes, which must be maximized and the second is the ratio
of external degrees, which must be minimized. In [18], Liu et al., proposed a method for overlapping community detection,
they believe that overlapping nodes’ strength to multiple communities are the same, so to detect overlapping nodes they
measure node-community’s strength. Lancichinetti introduced another community fitness measure in [19]. They proposed
three objective functions, first community fitness to evaluate the quality of the communities; second, an objective function
to detect separated communities; and third, for overlapping communities. Zhao et al., [20] proposed another method for
overlapping community detection. Themain contribution of their methodwas the representation of individuals that instead
of nodes they consider edges and try to cluster the edges through a multi-objective optimization, but since the number
of edges in networks usually is much more than the number of nodes, considering edges as a decision variable causes
computational complexity problems.

Another trend in community detection ismodularity optimization. Modularitymeasure has been introduced by Newman
in [14] and [13]. In fact, modularity, measures the significance of community structure in comparison with the null model
(random network) which implies how dense a community is. Modularity is known as one of the most accepted evaluation
functions for community detection. Therefore,many researches have been done to optimizemodularity to reveal community
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structures in networks. In fact, modularity, measures the significance of community structure in comparison with the null
model (random network) which implies how dense a community is. Formally, modularity can be written as:

Q =
1
2m

(
Aij −

kikj
2m

)
δ
(
gi, gj

)
(2.1)

Despite the improvements in modularity optimization methods, it is still known as a time-consuming and slow approach
that is not applicable to large networks. On the other hand, Fortunato et al., in [21] have questioned the widespread use of
modularity because of its resolution limits, and consequently the reliability of the results.

Another accepted concept in community detection are strong and weak communities that has been introduced by
Radicchi et al., in [22], regards to adjacency matrix A, internal degree of node i in community g is defined as sum of edges
from i to j ∈ g:

kini (g) =

∑
j∈g

Aij (2.2)

Also, external degree of node i in community g is defined sum of edges from i to j ̸∈ g

kouti (g) =

∑
j̸∈g

Aij (2.3)

So strong communities can be formulated as:

kini (g) > kouti (g) , ∀i ∈ g (2.4)

as well as weak communities, which is:∑
i∈g

kini (g) >
∑
i∈g

kouti (g) (2.5)

In the strong sense, every node in a community has more internal degree, but in a weak community, sum of the internal
degrees of its nodes is bigger than the sum of its external degrees. Using these concepts, we can formulate community
detection problem as a mathematical model and optimize it.

3. Multi-objective optimization problem definition

In the present study, we consider undirected and unweighted simple graph (No self-edge and multiple edge) G = (V , E),
whereV = {v1, v2, . . . , vn} is the set of vertices, |V | = n is the number of vertices, and E = {(i, j) |vi, vj ∈ V }. The neighbor set
for each vertices is defines as N (v) = {u ∈ v| (v, u) ∈ E}. Also the results will be a set of communities S = {g1, g2, . . . , gm},
which satisfies gi ⊂ V , i = 1, 2, . . . ,m and

⋃m
i=1gi = V , since in this paper we suggest a method to detect overlapping

communities as well as separated ones, so we have gi ∩ gj ̸= ∅, ∀i, j ∈ {1 . . .m}.

3.1. Objective functions

In this paper, we use two objective functions, in the first one we aim to evaluate the ratio of external to internal links and
we call it, community unfitness. Therefore, in partition S = {g1, g2, . . . , gm}, the community unfitness for a cluster will be:

f1 (g) =

∑
i∈g

kouti (g)(
kouti (g) + kini (g)

)α (3.1)

Obviously, this function must be minimized where α is a real valued parameter to control the size of clusters [19] . Thus the
‘‘community unfitness’’ for partition S is:

CU (S) =

∑
gi∈S

f1 (gi) (3.2)

As it is clear from the community unfitness formula (3.1) and (3.2), when all nodes of a community have fewer external links,
the function will be minimum. Thus, one of the main aspects of community will be provided.

The other aspect of a community is the number of internal links, which in the second objective function we focus on,
thus to increase the density of internal links, we consider the node’s membership in a community. So the second objective
function which is called community score and has been used by pizzuti [16] and [15] was formulated as a maximization
problem for community detection.

In this way, we maximize the mean of the weighted sum of a community’s internal links. Therefore, the second objective
function of a community is defined as:

f2 (g) =

∑
i∈g

(
kini (g)

|g|−1

)β

|g|
eg (3.3)
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Fig. 1. (a) A simple 9-node network, (b) Locus-based representation, (c) Corresponding graph, (d) Detected Communities.

where, kini (g) is defined as formula (2.2) and 0 ≤ β ≤ 1 which helps to amplify the weight of the nodes memberships, and
eg is the number of internal links of the community g . Thus the community score for a partition S = {g1, g2, . . . , gm}, is

CS(S) =

∑
gi∈S

f1 (gi) (3.4)

There are several reasons that MOO is preferred over single objective optimization. One of them is, because of different
objective functions (which are potentially conflicting), risk of converging in local optimal solutions will be reduced. Another
reason isMOOusually results in several Pareto optimal solution, whichwe call Pareto front, and this gives us the opportunity
to choose the best solution that is the best fit to our problem. Evaluating community structure from a different prospective
is another advantage of using MOO for community detection, because it will produce more accurate results [23].

As mentioned before, solving a Multi-Objective Optimization (MOO) problem will result in several Pareto optimal
solutions,which cannot dominate each other, and each one is a potential answer for the problemunder study. In otherwords,
in the case of community detection each Pareto optimal solution represents a partition for the network. Nevertheless, this
leads us to another problem:which one of the solutions is the best?Many studies to answer this question has been done and
Multi Attribute Decision Making (MADM) techniques have been developed, that their key feature is using some attributes,
tries to rank the solutions and choose one. In this paper, we suggest another approach that to the best of our knowledge has
not been suggested before.

4. Proposed method

In this paper, using previous works, a new mathematical model has been defined, the results show that optimizing the
mathematical model improves the communities’ quality. In the proposed algorithm, to detect overlapping communities we
suggest to use all the Pareto optimal solutions. This will also speed up the algorithm and improve the quality of the results.
Although, for faster convergence of the optimization process, a probabilistic model for initialization of the population has
been suggested.

4.1. Genetic representation

There are different ways to encode community structure in individuals. In this paper, we use Locus-based representa-
tion [23]. In population based optimization methods an individual is a vector of decision variables i, consisting of n genes
that each can take an allele value xi, where i and xi are in the same community. This representation method has four
advantages over the others, first encoding and decoding can be done by a fast breadth-first search, second, in Locus-based
representation we can simply apply constraints, and this helps the fast convergence of optimization process. Third, the
number of communities can be determined automatically, so there is no need to determine it in advance, and fourth, genetic
operators can simply be applied to the individual. Fig. 1 shows a schematic view of locus-based representation and theway of
encoding communities, on a simple 9-node network. Assume Fig. 1(a) is a simple 9-nodes network that we wants to detect
its communities, a potential answer can be represented as Fig. 1(b), which is a genotype with locus-based presentation,
decoding the genotype according to the above description, Fig. 1(c) will be achieved and finally communities will detect.

4.2. Initialization

Initialization has key role to avoid useless exploration and can lead the optimization process into a proper way so it
helps the fast convergence of the algorithm. Hence, to initialize individuals we take into account the topological situation
of the node. Neighborhood analysis has important applications in network analysis (because of importance of measuring
locality in community detection methods). In this way, different methods for local search between neighbors have been
used [12,15,16,20,24]. For instance, in [24] the authors have been proposed MTOM measure by using topological structure
of a node using common neighbor set of a seed (set of nodes). In this paper, we used a lightweight, simple and suitable
neighborhood analysis to calculate common neighbors of nodes and designed a probabilistic model which choose a value xi
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for a decision variable i. Obviously if we consider Γi as set of neighbors of i, so, xi ∈ Γi. Now the question is, which one of
the neighbors is proper choose? To answer the question, we use a probabilistic model and define the probability of choose
xi ∈ Γi, proportional to common neighbors with i, formally:

N (xi) =
(
Γi ∩ Γxi

)µ
, i = 1, 2, . . . , n, (4.1)

p (xi) =
N (xi)∑
xi
N (xi)

Where µ is a positive number to signify the neighbors with more common neighbors, and it is normally equal to 1.

4.3. Cross-over

To cross-over, we preferred to use double-point cross over versus single point. Because double-point cross over preserve
the structure of the communities as well as the ability of better exploring the search space. To do this we choose two parents
and generate two random number i and j where 1 ≤ i < j ≤ N , and change all parts of the parents from point i and j.

4.4. Mutation

Mutation is one of the key operation in population based optimization methods. Mutation is performed to explore new
spaces, as we discussed in Section 4.2, xi ∈ Γi, so if we want to mutate node i, necessarily must choose one of its neighbors
as new value xi. In this paper in order to search intelligently and to avoid useless exploration we consider the probability of
mutation of a node proportional to the ratio of its membership to its community, then according to the formula (4.1) one of
its neighbors, randomly will choose to replace with the old value.

4.5. Overlapping communities

Most of the community detection methods are focused on disjoint communities and tries to find a partition for the
network. However, one of the challenges of community detection algorithms is overlapping communities. It is obvious that
in social networks, a person can be a member of multiple communities. In [25], Kelly shows that not only communities
are not necessarily disjoint, but also overlap is one of the important features of any real world social network. Therefore,
the recent studies notice this as a significant feature for community detection algorithms. In [26], Lescovec et al., showed
that the overlapping areas of communities are denser, so that the community detection algorithms are trapped and detect
the overlap area as a separate community, while it is just part of a bigger community. Therefore, this makes the process of
community detection more difficult.

As described before, we used Locus-based representation for individuals, but due to the constraint of representation, it
is not able to reflect overlapping communities. To solve this, Zhao et al., [20] considered edges as the decision variables and
tries to cluster the edges of the network rather than the vertices. Nevertheless, this makes the number of decision variables
manifold grow and lowers the speed of convergence. In this paper, using all the Pareto optimal solutions, we suggest a novel
approach to detect overlapping communities. To the best of our knowledge, this is the first research which suggests the use
of all Pareto optimal solutions to choose subsets of optimal solution, instead of choosing one as whole.

Because we cannot prioritize between objective functions, multi-objective optimization results in multiple solutions,
which is called Pareto optimal solutions that are the result of a trade-off between functions. In community detection, each
Pareto optimal solution will represent a partitioning on the network, so that at the end, we will have multiple partitions
of the network, and all of them have proper values in term of objective functions, which represent different aspects of a
community. Usually the next step is to choose one of the solutions as the result, using MADM techniques.

Availability of multiple answers, give us an opportunity to detect overlapping communities. The idea is, we choose
communities from all the Pareto optimal solutions (partitions), instead of choosing one partition. Fig. 2 shows an overlapping
community which cannot be detected because of representation constraint.

Nevertheless, because in both communities the objective functions have proper value, two partitions of the network will
be found as illustrated in Fig. 3.

Therefore, if we design an algorithm to select communities, instead of a partition, we can return the right cover.

4.6. Proposed algorithm for overlapping community detection

To describe the proposed algorithm for overlapping communities, first we define the concept of dominated community.

Definition 1 (Dominated Communities). considering two communities C1 and C2, we say C1 dominates C2 and we present as
C1 ≺C2 if and only if C1 ⊆ C2 and ∀i; fi (C1) ≤ fi (C2).
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Fig. 2. Overlapping communities.

Fig. 3. Possible results for the overlapping communities due to representation constraint.

The proposed algorithm has three phases:

1. Preprocessing: in this phase we have two steps, first eliminating redundant communities, considering all produced
solutions, some redundant communities are produced. Therefore, in this step we eliminate dominated communities.
Second, merging the communities if they dominate parents.

2. Selection: select communities to obtain a cover.
3. Post processing: deletion of the communities, which has no effect on coverage.

The pseudo code for the proposed algorithm is given in Algorithm 1.
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5. Complexity analysis

Our approach has three main parts. First, initialization, if n and Pn denote the number of nodes and population size
respectively, for the first phase, the computational complexity is O(nPn). Second, optimization algorithm, in this paper we
have usedNSGA-II which has order ofO(n2). For the third part, community selection, ifwe denote the number of communities
asm, since wemap the communities in a tree and two pass traverse are needed for preprocessing and community selection,
its computational complexity is O(mlogm). So the total computational complexity will be O(nPn + n2

+ mlogm), because
m ≪ nwe can consider O(nPn + n2). Also to evaluate the efficiency, we run proposed algorithm in a laptop with core i5 CPU
and 8 gigabyte of RAM, on a mid-size network with 10,000 node and more than 150,000 of edges, the algorithm take even
less than 39 s to detect communities.

6. Experimental results

In this section, to show the effectiveness of the proposed algorithm, we compare with different algorithms on real and
synthetic benchmark networks. The results show that our algorithm is more effective on synthetic and real networks. To
test the method first we apply the algorithm to synthetic networks, which their ground truths are known. This helps us to
compare the results and measure differences.

6.1. Evaluation methods

In order to evaluate the results some metrics has been used in the literature. One of the most commonly used metrics is
Normalized Mutual Information (NMI), which measures the similarity of the detected communities with the ground truth.
Danon et al., in [27] has proved the reliability of NMI. The definition of NMI is:

I (S1, S2) =

−2
∑CS1

i=1
∑CS2

j=1 Nij log
(

Nijn
NiNj

)
∑CS1

i=1 Ni log
(

Ni
n

)
+

∑CS2
j=1 Nj log

(
Nj
n

) . (6.1)

Where, given two partition S1 and S2 of a network, let N = [Nij] be the confusion matrix, Nij represents the number of
nodes of community i of partition S1 that is also in community j of partition S2. Furthermore CS1 and CS2 are the number of
communities of partitions CS1 and CS2 , n is the number of nodes, also Ni and Nj are sum of row i and column j in the confusion
matrix.

6.2. Synthetic networks

To the best of our knowledge, there is two synthetic benchmark networks, which provide ground truth to evaluate
community detection algorithms. Synthetic networks give us the opportunity to have a set of networkswith specific features.
In this section, we explain the results of the proposed method on GN and LFR benchmark networks as described below.

6.2.1. GN networks
We tested our algorithm on benchmark synthetic networks. Girvan and Newman in [14] introduced a small and simple

synthetic network to test community detection algorithms, which has 128 nodes in four disjoint communities of same size.
It also has mixing parameters µ that indicates the fraction of links each node shares within its community. Obviously when
µ > 0.5, the network has strong community structure. The proposedmethodwas applied to a set of GNbenchmark networks
with varying µ from 0 to 0.5 with a span of 0.05, and compared the quality of results with other community detection
algorithms. Since most of the algorithms are not deterministic, each point on the figures is the average NMI in five runs.
Fig. 4, shows theNMI obtained by differentmethods. The proposed algorithmand sevenwell-knownmethods for community
detection, which are, COPRA [6], SLPA [7], GA-Net [15], CNM [13], Infomap [28], Cliques [4] and GN [14]. As can be seen from
the results in Fig. 4 our algorithm performs better in terms of NMI compared to other methods.

6.2.2. LFR networks
The power law distribution is one of the important features of real networks, but GN networks are not power law.

Therefore, Lancichinetti and Fortunto in [29] proposed LFR benchmark networks, which reflect power law distribution in
node degrees and community size. Communities in the LFR network can also have overlap. There are two other parameters
λ to specify the rate of overlapping for each community and number of memberships ϕ, for each node. Varying the above
parameters, we obtain a number of networks. To evaluate results in mid-size networks, the networks size is 10,000 and the
power law exponents are τ1 = 2 and τ2 = 1. Also average degree is 30 and community sizes are in interval [20, 500]. The
mixing parameter µ is in interval [0, 0.8] with span of 0.05. Fig. 5 shows the results for different values of ϕ in interval [1,4].

In Fig. 5, the proposed method has been compared with other methods and as shown, it is more efficient for all synthetic
networks. Since in Fig. 5(a), the number of memberships is ϕ = 1, the communities are disjoint and there are no overlap.
Hereafter because some of the algorithms are too slow and the quality of their results are not significant, we compare
the results with three of the most appropriate method. Naturally increasing ϕ and λ, reduces the quality of the results.
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Fig. 4. NMI for benchmark GN networks.

However, the proposed method often gives better results, though, when the sub-graphs are more separated, SLPA results
slightly better, but when the ratio of internal degrees become less than 0.5, the quality of the results suddenly drops. Instead,
when the communities becomemore complicated, ourmethod becomesmore efficient, and the quality uniformly decreases.
Regardless of the number ofmemberships, thismonotonic reduction indicates the result aremore stable and can be extended
to different networks. On the other hand, the appropriate results with increasing ϕ, shows the good performance of the
second part of the algorithm for community selection. Also in Fig. 6, the rate of overlapping λ, varies between the interval
[0, 0.7].

In Fig. 6, ratio of overlapping is considered. As λ increases, the communities overlapping in terms of the ratio of common
nodes, increases. As can be seen in Fig. 6, the proposed method dominates the results of other algorithms as the ratio of
overlapping increases. Uniformity of results have also been seen here, which makes the results reliable and extendable.

6.3. Real networks

In order to show the performance and efficiency of our method, we also evaluated it on large real-world datasets. To do
this, we choose two large networks to show that the proposed method can be handle large datasets as well as better results
over other methods. In this way, we choose networks with ground truth from Stanford large network dataset collection1: [30]

1- DBLP: The DBLP, computer science bibliography is a comprehensive dataset of papers in the field. DBLP is a co-
authorship network, where authors are nodes and two author are connected if they are authors of at least one paper.
The ground-truth has been provided regards to publication venues. (See Table 1.)

2- Amazon: TheAmazon is theworld’s largest e-commerce company. The dataset is collected by crawling Amazonwebsite.
In this network, nodes represents products and edged between two nodes shows that the products are frequently bought
together. Obviously, regards to product categories, ground-truth can beprovided, so in eachproduct category, a connected
component can be consider as a community. (See Table 1.)

As the synthetic networks, the evaluation methods in real world networks are NMI and Overlapping modularity. Fig. 7
shows that the proposed method is more effective than other methods.

In DBLP network as shown in Fig. 7, the proposed algorithm, regards to NMImeasure ismore effective in comparisonwith
other methods. However, in overlapping modularity point of view, COPRA and the proposed algorithm are close together.

Also in Amazon dataset, as shown in Fig. 8, regards to NMI the proposed algorithm has better results, although taking the
overlapping modularity SLPA is slightly better.

7. Conclusion

In the present study, a novel method for overlapping community detection in complex networks is introduced. The
proposedmethod has twomain steps; first, amathematicalmodel with two objective functions is established and optimized
usingNSGA-II, second, community selection using all the Pareto optimal solutions in Pareto front is employed. For the second

1 http://snap.stanford.edu/data/index.html.

http://snap.stanford.edu/data/index.html
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Fig. 5. NMI for benchmark LFR networks- (a) to (d) shows the results for different number of memberships (ϕ) between [1–4].

Fig. 6. NMI for benchmark LFR networks—different overlapping size.
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Table 1
The statistics of the real-world networks DBLP and Amazon.

DBLP Amazon

Nodes 317080 334863
Edges 1049866 925872
Nodes in largest WCC 317080 (1.000) 334863 (1.000)
Edges in largest WCC 1049866 (1.000) 925872 (1.000)
Nodes in largest SCC 317080 (1.000) 334863 (1.000)
Edges in largest SCC 1049866 (1.000) 925872 (1.000)
Average clustering coefficient 0.6324 0.3967
Number of triangles 2224385 667129
Fraction of closed triangles 0.1283 0.07925
Diameter (longest shortest path) 21 44
90-percentile effective diameter 8 15

Fig. 7. NMI and overlapping modularity for DBLP network.

Fig. 8. NMI and overlapping modularity for Amazon network.

step, we introduced an algorithm in Section 4.6. This algorithm gives us the ability to dominate the limitation of genetic
representation and detect overlapping communities. We also tested the proposedmethod on synthetic and large real-world
networks with different features in terms of overlapping ratio, intertwining and number of overlapping memberships, and
compared the results with other community detection methods. All the results demonstrate that the proposed method is
more effective and efficient compared to other community detection methods. In addition, despite the other methods, our
method has more stable results, which is important for scalability.
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