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Community Detection Based on Symbiotic
Organisms Search and Neighborhood Information

Jing Xiao, Chao Wang, and Xiao-Ke Xu

Abstract— Modularity optimization methods based on nature-
inspired metaheuristics are popular and competent for commu-
nity detection in complex networks. However, on some real-world
networks with complex and vague structures, most contemporary
algorithms are difficult to obtain the global optimal partition.
There are two key factors that are seriously affecting the global
optimization capability: one is the convergence performance
of the incorporated optimization strategy and the other is
the sufficient and rational utilization of network topological
information. In this article, a novel community detection method
is proposed, named symbiotic organisms search community
detection (SOSCD). The bio-inspired metaheuristic [symbiotic
organisms search (SOS)] is discretized and utilized as the opti-
mization strategy to improve global convergence performance of
modularity optimization. Meanwhile, by utilizing neighborhood
information of each node to guide community optimization, two
different local search (LS) schemes are designed to intensify
exploitation and, thus, assisting the global search, including
the neighbor-based community modification (NCM) and the
neighbor-based LS (NLS). Experimental results on both synthetic
and real-world networks have validated the effectiveness and
superiority of the proposed operations in SOSCD. Moreover,
SOSCD can significantly improve the precision and stability of
the identified optimal partition, comparing with many state-of-
the-art modularity optimization algorithms.

Index Terms— Community detection, local search (LS), mod-
ularity optimization, nature-inspired computation, neighborhood
information, symbiotic organism search.

I. INTRODUCTION

OMMUNITY structure is one of the most important
C characteristics of complex networks that are commonly
found in various kinds of modern complex systems [1], [2].
Discovering community structures is a basic and important
technology in the area of complex network analysis, which
not only enables us to gain insights into network topological
features but also helps us to unearth in-depth information
about networks, such as functional properties and dynamic
characteristics [3], [4].
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In recent years, we have experienced an increasing demand
for the technology of community detection from a wide range
of science domains [5]. At present, community detection has
been intensively studied, and a lot of approaches based on
different knowledge backgrounds have been proposed [4], [6],
[7]. However, up to now, it is still a difficult task for available
methods to get accurate and stable optimal partitions from
many real-world networks, especially those with complicated
and fuzzy community structures [1], [5], [8].

Mathematically, community detection can be essentially
viewed as a global optimization problem [1]-[4], which
usually takes specific criterion function well-reflecting the
concept of community as the objective function, such as
modularity [9]. Such kind of optimization problems has been
proved to be a typical nondeterministic polynomial (NP)-
hard problem [1]-[5], [8]. In the last decade, many heuristic
optimization methods have been proposed to find the global
optimal division of a network, where the population-based
metaheuristics are the most competitive and widely utilized
methods. Typical representatives mainly include evolutionary
algorithms (EAs), in particular the genetic algorithm (GA)
[10]-[15], the differential evolution (DE) [3], [16]-[19], and
the estimation distribution algorithm (EDA) [20]. In addition,
a relevant number of nature-inspired metaheuristics, such as
the particle swarm optimization (PSO) [21]-[23], the ant
colony optimization (ACO) [24]-[27], the fruit fly optimiza-
tion algorithm (FOA) [28], the bat algorithm (BA) [29], [30],
the fire spread algorithm (FSA) [5], and the state transition
algorithm (STA) [8], have also been employed.

Because of the inherent features of parallel computation
and self-organization, population-based metaheuristics present
a number of advantages, such as higher accuracy and auto-
matically determined community numbers [1]-[4], [6], [7].
However, due to complex and vague structures in some
real-world networks, existing algorithms cannot obtain stable
results and often trap in local optimum [1], [4], [5], [8].
Actually, the global optimization performance in dealing with
community detection can be improved from two main aspects.
One is to strengthen the global convergence ability of the
incorporated optimization strategy. The other is to utilize net-
work topological information (e.g., neighborhood information
of nodes) efficiently and rationally to assist the global search
by intensifying exploitation.

Up to now, most of the existing approaches only focus
on incorporating EAs or nature-inspired metaheuristics into
the framework of modularity optimization for community
detection [1]-[4]. For example, individual encoding schemes
and variation operators are redesigned in a discrete form to
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adapt to the discrete scenario of community optimization [5],
[8], [10], [16], [20], [31], whereas domain-specific knowledge
such as known topological information of real-life networks,
in particular neighborhood information of each node, has not
been fully utilized.

Based on the above-mentioned analysis, a novel community
detection method based on the framework of modularity
optimization is proposed in this article, named symbiotic
organisms search community detection (SOSCD). The major
improvements and innovations of SOSCD include the follow-
ing two points.

First, a novel bio-inspired metaheuristic method, called sym-
biotic organisms search (SOS) [32], is employed to serve as the
optimization strategy. Since the standard SOS algorithm has
been proved to be more accurate and stable than many well-
known metaheuristics (including the standard GA, DE, PSO,
and BA), in solving various complex numerical optimization
problems [32]-[34], its good convergence performance in
the modularity optimization could be expected. However, the
original SOS algorithm is designed for solving continuous
optimization problems and cannot be applied in the discrete
community detection problem directly. Therefore, we proposed
a discrete SOS for modularity optimization, adopting the
widely used label-based representation [1]-[3], [11] as the
encoding scheme which generates integer vectors as individ-
uals to represent feasible community partitions of a network.

Second, network topological information (i.e., node neigh-
borhood information) is also sufficiently used in SOSCD,
including the initialization and two newly designed local
search (LS) strategies, named neighbor-based community
modification (NCM) and neighbor-based LS (NLS), respec-
tively. In NCM, neighborhood information is mainly used
to correct the wrong community membership of nodes and
improve the quality of community divisions. NCM can effi-
ciently enhance the exploitation ability of SOSCD and avoid
falling into local optimum at the same time. Moreover, NLS
helps high quality but suboptimal individuals escape from local
optimum and increase the probability of finding the global
optimal partition. It utilizes node neighborhood information
to avoid random invalid search normally found in traditional
LS approaches and reduces computational complexity.

In the proposed SOSCD, both a discrete bio-inspired method
and network topological information are utilized as the cru-
cial factors to enhance its global optimization performance.
To verify the effectiveness and superiority of the SOS-based
optimization strategy and our two newly designed LS meth-
ods, both synthetic and real-world networks are employed in
experiments. Superiority of SOSCD in community detection
is further validated through comparison with many other
well-known modularity optimization algorithms. Moreover,
SOSCD works without prior knowledge of the total number
of communities and only requires a few specific parameters
for optimization.

This article is organized as follows. Section II introduces
definitions and concepts related to the optimization problem
in community detection. Section III describes the designing
ideas, procedures, and detailed operations of the proposed
community detection algorithm SOSCD. Section IV evaluates
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the core operations in SOSCD. Section V compares the
performance of SOSCD against many typical state-of-
the-art modularity optimization algorithms. In Section VI,
we conclude this article.

II. MATHEMATICAL MODEL OF OPTIMIZATION
PROBLEM IN COMMUNITY DETECTION

In community detection, a network is often modeled as a
graph G = (V, E), where V represents the set of vertices
and E is the set of edges, respectively. Generally, topological
information in G can be represented by an adjacency matrix
A, in which each element A;; determines the kind of G and
whether there is an edge between vertices i and j [1]. In this
article, we merely focus on the kind of undirected networks
with A;; € {0,1} and A;; = Aj;. The community structure is
often defined as a partition C = {cy, - - -, ¢x} with k divided
subgraphs, such that V = Ule ci, where the number of k
is often unknown in real-world networks. For nonoverlapping
community structures, a node can only be allowed to partici-
pate in one community, such that ¢; N¢; = &, Vi, j.

Community detection can be modeled mathematically as a
single-objective global optimization problem [1], [3], [4]. All
the feasible community partitions of graph G construct the
search space Q = {Cq, --- , C,}. The goal of the optimization
problem is to find the global optimal partition C* in Q, for
which

F(C*) = max(F(C)) st C € Q. (1)

In (1), F : Q — R is the fitness function used to evaluate
the quality of the candidate partition C, which also maps the
solution space into the objective function space. As shown
in (1), the optimal partition C* possesses the global optimal
value of F.

The selection of fitness function F is crucial for the per-
formance of community detection algorithms. In this article,
we use the most popular fitness function (i.e., modularity)
[11-[4], [9], defined as

1 kik; .
Q:ﬁi,’ (Aij—zM)5(l»]) 2

where M is the number of edges and k; and k; are the degrees
of nodes i and j, respectively. Here, ¢ indicates the community
relationship between nodes i and j. Through Q suffers from
the so-called resolution limit problem [1]-[4], [9] and does
not take into account the important feature of community
size [35], it remains the most competitive and widely used
criterion function to optimize. In the optimization, we seek
for the global maximum of Q, the higher the value of Q,
the better the quality of the candidate partition C.

III. PROPOSED COMMUNITY DETECTION ALGORITHM

In this section, we will introduce our proposed community
detection algorithm SOSCD in detail. As it was mentioned
earlier, the global optimization performance of community
detection algorithms can be improved from two main aspects:
enhancing the global convergence ability of the incorporated
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Algorithm 1 SOSCD

Input: The Original Network.

Output: Optimal Community Partition.
1: Encoding and Initialization
2: REPEAT

3: — Mutualism operation

4: — Commensalism operation

5: — Parasitism operation

6

7

8

9

: — Neighbor-based Community Modification (NCM)
: — Neighbor-based Local Search (NLS)

: UNTIL(termination criterion is met)

: Output the Current Best Result

optimization strategy and utilizing network topological infor-
mation to assist the global search by strengthening exploita-
tion. Especially, the two aspects are both fully considered
and are utilized as equally important factors to improve the
global optimization performance of SOSCD, thus improving
the quality of detection results.

The algorithm framework of SOSCD is presented in
Algorithm 1. For one thing, SOSCD utilizes high-performance
standard SOS to serve as the optimization strategy for mod-
ularity optimization, promoting the global convergence in the
huge search space. As far as we have known, the standard SOS
algorithm is employed for the first time in solving the problem
of community detection. For another, topological information
of networks (e.g., node neighborhood) is also fully utilized in
crucial components of SOSCD, especially in the two newly
designed LS operations.

As we can see from Algorithm 1, NCM and NLS are
executed after the evolution of SOS in the main loop, assisting
the global search of SOSCD by strengthening exploitation.
NCM is used to improve the community membership of nodes
in all the individuals, and NLS is designed for helping a
few high-quality but suboptimal individuals escape from a
local optimum. In both operations, neighborhood information
is used directly to improve the individual quality by modifying
the community membership of nodes. Thus, the population can
converge faster to the promising region in the search space,
and the exploitation ability of the algorithm can be enhanced.
In the following, we provide more details of core operations
in SOSCD, mainly including the SOS-based modularity opti-
mization and LS.

A. Symbiotic Organisms Search

SOS is a novel bio-inspired metaheuristic method that
simulates the symbiotic interaction and survival behaviors of
organisms in modern ecosystems [32]-[34]. In the algorithm,
a randomly generated initial population is used to simulate
the real ecosystem, and each individual is considered to
be a unique organism. The fitness value of each individual
represents the degree of adaptability of each organism to
the ecosystem. SOS searches the global optimum by iter-
atively updating the population according to three special
variation operations, including mutualism, commensalism, and
parasitism. The operations resemble three kinds of the most
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common symbiotic relationships between any two organisms
in all the modern ecosystems [32]-[34].

Specially, SOS does not require any specific parameters
[32]. Besides, compared with several well-known metaheuris-
tics (i.e., the standard GA, PSO and DE algorithms), SOS can
obtain better optimization results in a wide variety of bench-
mark problems. Recently, it has been applied to solve many
real-world complex optimization problems, such as electro-
magnetic optimization [36], capacitated vehicle routing [37],
and the distribution feeder reconfiguration in a vehicle-to-grid
system [38]. Due to the advantages of accurate, robust, and
easy to be implemented, SOS provides an ideal optimization
strategy for modularity optimization in community detection.

Considering the fact that community detection is a discrete
integer optimization problem, in order to make the original
SOS algorithm usable in this discrete context, we adopt the
widely used label-based representation [1]-[3], [11] as the
encoding scheme in initialization and generate n-dimensional
integer vectors as population individuals to represent feasible
community partitions of a network. Here, n is the number
of nodes. The three crucial variation operations in the stan-
dard SOS are all performed on discrete individuals. Besides,
after each variation operation, each dimension of individuals
is rounded to the nearest integer and restricted within the
predefined boundary (i.e. [1,n]), guaranteeing the legality of
individuals.

1) Mutualism Operation: Mutualism is a typical symbi-
otic interaction relationship, in which both the two partici-
pate organisms can be benefited through enhancing survival
advantages in an ecosystem. In SOS, mutualism is the first
variation operation, in which both the interacting individuals
are mutated and updated concurrently by utilizing their average
information. Concrete steps in mutualism are as follows. Each
individual in the current population is selected, in turn, as the
target individual for variation. Suppose X; is the current target
individual corresponding to the ith organism in the ecosystem.
Another individual X; is randomly selected from population
for interacting with X;. Then, two new offspring individuals
are generated according to the mutualistic relation modeled in

Xinew =X + rand(0, 1) (Xpest —Mutual_Vector-BF;)  (3)
Xjnew = X +rand(0, 1)- (Xpest—Mutual_Vector-BFy) (4)
Mutual_Vector=0.5 - (X;+X) )

where rand(0, 1) denotes a vector of random numbers with
each element valued between O and 1. Xpes corresponds to
the current best individual in the population. BF; and BF,
are the benefit factors determined randomly as either 1 or 2,
representing partially or fully benefit from the interaction,
respectively. Mutual_Vector is the mean value of X; and
X, representing the mutualistic relationship characteristic
between the two organisms. Xpes — Mutual_Vector - BF; and
Xbest — Mutual_Vector - BF; reflect the mutualistic effort to
increase the survival probability in the ecosystem, provided
by the two organisms, respectively. After calculation, two new
offspring individuals X;new and X jnew are generated, which
will replace X; and X; in the population, respectively, if they
have better fitness values.
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Intuitively, mutualism seems like the target — to — best/1
mutation strategy of the DE algorithm [19], both of which can
maintain a good balance between exploration and exploita-
tion. In (3) and (4), random interactive information in
Mutual_Vector is helpful to keep population diversity, whereas
the current best individual Xy is used to guide the variation
direction for global search. Moreover, mutualism updates two
parent individuals simultaneously in a single operation and
performs one-to-one elite selection right after the operation,
which makes it more efficient and greedy than the mutation
in the standard DE.

2) Commensalism Operation: Commensalism is another
typical symbiotic interaction relationship in an ecosystem.
Different from mutualism relationship, there is only one
organism may benefit from the interaction, and at the same
time, the other participant is unaffected or neutral. In SOS,
commensalism is performed after the mutualism, in which the
target individual can be updated by utilizing the information
brought from the interacting participant. Concrete steps in
commensalism are as follows. Each individual in the current
population is selected, in turn, as the target individual for
variation. Suppose X; is the current target individual; we
also need to randomly select an individual X; from the
population for interaction. Only the target individual X; may
be benefited, and its offspring individual Xjnew iS generated
utilizing the information introduced by X;. Commensalism
relation is modeled in

Xinew = X; +rand(—1, 1) - (Xpest — Xj) (6)

where rand(—1, 1) denotes a vector of random numbers with
each element valued between —1 and 1. The current best indi-
vidual Xpes represents the highest level of survival adaptation
in the current organism. Thus, Xpest— X ; reflects the beneficial
advantage introduced by X;, which aims to help the target
individual increase its survival advantage in an ecosystem.
After calculation, new offspring individual X;new 1S generated,
which can only be accepted and reserved if its fitness value is
better than its father individual X;.

It can be observed from (6) that commensalism is also
similar to the mutation strategy of DE/target-to-best/1 [19].
However, the differential vector Xpest— X j puts more emphasis
on the influence brought by the other individual X; in the
population, rather than the mutual interaction between X; and
X ;. In addition, the influence of X; on the evolution of X
is not considered in commensalism. Similarly, the one-to-one
elite selection is conducted directly after the commensalism
to update the population in real time.

3) Parasitism Operation: Distinct from mutualism and com-
mensalism relationship, parasitism depicts the parasitic and
game relationship between any pair of parasite and host.
In parasitism, parasite and host compete for survival in the
ecosystem. Only one of them with a higher level of adaptation
can be able to live, while the other participant will be killed
and eliminated from the ecosystem, rather than unaffected.

In SOS, parasitism is implemented after the mutualism
and commensalism, which is the last but the most special
one among the three variation operations. Concrete operations
in parasitism are as follows. Each individual in the current
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population is selected, in turn, as the target individual for
variation. Suppose X; is the current target individual cor-
responding to the ith organism in the ecosystem. Based on
the target individual, a special Parasite_Vector that serves as
the parasite is created by randomly selecting and modifying
a set of elements in X;. Meanwhile, another individual X ;
that is given a role as the host is randomly selected from
the current population. Then, Parasite_Vector competes with
X; that represents the game between the parasite and the
host. Only the superior individual with the higher fitness
value can survive and participate in the next generation of
evolution, while the other individual will be eliminated from
the population.

It can be seen from the above-mentioned description, par-
asitism works as an LS operation for each individual in the
last step of the standard SOS algorithm, which is particularly
important for global convergence in the later evolutionary
stage. Parasitism is similar to the multipoint mutation oper-
ation in GA. In both parasitism and mutation, each individual
can promote itself evolve by performing a local genetic varia-
tion, rather than relying on interacting with other individuals.
However, unlike genetic variation, the dimension of randomly
selected elements for variation in each individual ranges from
1 to n (n is the length of the individual) in parasitism.
Therefore, the newly generated Parasite_Vector may be located
around X; in the search space or in a completely different
area [32]. In addition, the fitness value of Parasite_Vector may
not be better than that of X;, but Parasite_Vector can also be
preserved as long as its fitness is higher than that of another
randomly selected individual X;. To sum up, the highly
random nature of parasitism helps SOS maintain population
diversity and prevent premature convergence, especially in the
last stage of evolution.

B. Local Search Based on Neighborhood Information

Though the high performance of the bio-inspired SOS helps
to improve the global convergence ability in its application of
community detection, the variation operations in the standard
SOS often generate unreasonable divisions with disconnected
nodes be assigned to a same community. In order to improve
the quality of the community divisions, two new LS strategies
(NCM and NLS) are designed by utilizing node neighborhood
information of networks. Both of them are incorporated in
SOSCD to further enhance the exploitation ability and the
probability of finding the global optimal division, with the
consideration that neighbor vertices are more likely to locate
in a same community.

1) Neighbor-Based Community Modification: The first LS
strategy is called NCM, which is mainly used to correct the
unreasonable divisions and enhance their quality.

NCM makes a rough LS on all the population individuals.
On each individual, a certain number of nodes are randomly
selected and each node will be checked whether it is signif-
icantly different from its neighbors in terms of community
membership. Once the difference is great, the node is deemed
to be wrongly partitioned with high probability. Therefore,
it will be modified into a new community that is selected
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Fig. 1. Clean-up operation on the 21st node of the Dolphin network.

from the neighbor communities (communities that its neighbor
nodes belong to). Specially, all the neighbor communities can
be chosen with probability proportional to the community
scale, rather than only the largest one.

The newly designed NCM is similar to the clean-up
operation mentioned in [16] but with more relaxed restriction
in the process of community modification (CM). In cleanup,
nodes can only be assigned to the largest-scale neighbor
community [2]. Unfortunately, sometimes, only when a node
is moved to other smaller size neighbor communities, we can
get the global optimal partition with the largest value of
modularity [19]. It does mean that excessive restriction has
been imposed during the modification, so the search space
containing the global optimum may probably be omitted.
In other words, the clean-up operation may make an individual
be trapped into a local optimum and it is extremely difficult
to achieve the global optimum. NCM operation successfully
avoids this problem by adopting a more reasonable manner in
utilizing neighborhood information of each node. Moreover,
NCM strategy can also be transplanted to other bio-inspired
or EA-based metaheuristics, which is suitable to be conducted
at the early stage of evolution.

To gain a better understanding of the operation, we take
the Dolphin network for example. In a typical suboptimal
community partition of the Dolphin network, the 21st node
has nine neighbors located in four different-sized communi-
ties. When we modify the community membership of this
node according to the clean-up operation, it can only be
moved to the neighbor community with the largest scale (i.e.,
neighbor community 4), as shown in Fig. 1. Unfortunately,
the above-mentioned modification cannot enable the individual
to achieve the global optimum. Only when the 21st node
is transferred to another smaller sized neighbor community
{29, 48} (neighbor community 2), we can get the global
optimal partition with the largest value of modularity. This
makes us realize that excessive restriction has been imposed
during the modification, and the search space containing the
global best partition is missed. In other words, the individual
is trapped into a local optimum and it is difficult to jump out.

To avoid this problem, we relax the restriction imposed on
nodes during the modification. For any node whose commu-
nity membership needs to be modified, all of its neighbor
communities can be selected with the probability proportional
to the community scale, rather than only the largest one.
In the example of the Dolphin network, the 21st node can
be modified in the manner shown in Fig. 2. In this way,
we can utilize the neighborhood information of nodes more
reasonably, and the search space containing the global optimal
partition will not be missed.
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Fig. 2. NCM operation on the 21st node of the Dolphin network.

2) Neighbor-Based Local Search: Apart from the NCM
strategy, another LS strategy, called NLS, is also designed. Dif-
ferent from NCM, NLS conducts a more-refined and accurate
search around a few high-quality but suboptimal individuals.
It helps them jump out of local optimum through minor
changes, especially at the final stage of evolution, increasing
the probability of finding out the global optimum.

At the last stage of SOSCD, a large amount of high-quality
similar but suboptimal partitions can usually be witnessed in
the population. Actually, the difference between them and the
global optimum often only lies in the community membership
of very few nodes (e.g., one or two for a small-scale network).
However, as the community size increases and the number
of communities decreasing at the same time, the population
diversity becomes relatively low. It is very difficult for these
high-quality partitions to be further adjusted to achieve the
global optimum, even adopting NCM.

NLS operation can contribute to overcome this problem, and
the concrete operations are illustrated in Algorithm 2. For a
target individual X, the community membership of each node
represented by community identifier (commlID) is locally opti-
mized successively by utilizing the information of neighbor
nodes. First, for each node i in X, all of its neighbor nodes
as well as their commIDs are identified. Second, the unique

Algorithm 2 NLS

Input: Target individual: X; Modularity of X : O_X.

Output: Local optimal partition of X: Xj,caipesr; Modularity
of Xiocalbest * O_Xiocalbest-

l:fori=1:ndo

2: commID(i) = x(i)

3:  neighbors(i) = {j|(i, j) € E}

4. commlID_neighbors(i) =

{commID(j)|j € neighbors(i)}

commlID_candidate(i) =

unique(setdif f(commlID_neighbors(i), commlID_i))

6: for j =1:length(commlID_candidate(i)) do

7: Xnew = X

8

9

W

Xpew (i) = commID_candidate(i)(j)
if O X, > O_X then

10: X = Xnew

11: 0 X=0_ Xnpew
12: end if

13:  end for

14: end for

150 Xiocalbest = X
16: Q_Xlocalhest = Q_X
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Detailed illustration of the NLS operation on a toy network.

Fig. 3.

neighbor commlIDs, which are different from the commID of
node i, are selected as candidates for node i to choose. Third,
replace the original commID of node i with each element in
the candidates to generate a set of new neighbor partitions
of X. Here, the best neighbor partition will compare with X
and replace X if it has a better value of modularity (Q). After
the above-mentioned three steps conducted on each node in X,
the LS for X is accomplished. The final best neighbor partition
saved in X is considered to be the local optimal partition
Xlocalbest- In each generation of SOSCD, the above-mentioned
operation is imposed on half of the top individuals, and thus,
the promising areas around historical good individuals can be
carefully detected and the population can be updated toward
a better direction greedily.

The proposed NLS operation is similar to the hill-climbing
method in [2], [28], and [39] but with stronger directional
guidance brought from the useful information of neighbor
nodes. It generates neighbor partitions by replacing the
community membership of a node with only the communities
containing its neighbor nodes, rather than all the other
communities in the original partition. For a partition
C = {c1, - ,ck}, suppose there are k (k < n) different
communities, and then, the time complexity of NLS can be
reduced to O (n*ky) from O (nxk) of the hill-climbing. Here,
kg denotes the average number of different communities
containing d neighbors, which is usually much smaller than k.

Fig. 3 shows a detailed illustration of NLS on a toy
network that has 12 nodes and three communities. In a typical
suboptimal individual acquired during the evolution, node xg
is wrongly arranged in an isolated community with commID

A\
Candidate Individual 1 (Q = 0.5227) Vv

X | X | X X | Xs | X | X7 | Xg | Xo | Xg0| Xu1 [ X2

1 1 1 1 4 4 4 3 3 3 3 3

1
<X

equals to 6, and thus, the individual needs to be further
optimized. When performing the LS operation on node xg, all
of its neighbor nodes are checked. We find that there are five
neighbors {7,9, 10, 11, 12} of node xg, where {9, 10, 11, 12}
are in the same community with commID equal to 3 and node
{7} locates in another community with commlID equal to 4.
Because the two neighbor communities are different with the
one that node xg belongs to, both of them can be selected as
candidate communities. By replacing the current community of
node xg with the candidates, respectively, two new candidate
individuals can be generated. As shown in Fig. 3, two new
candidate individuals are evaluated and compared with the
original individual, and only the best one with the largest value
of O (Q = 0.5227) can be reserved in the population. After
performing the NLS operation, this suboptimal individual can
achieve the global optimal division of the toy network.

C. Algorithm Framework and Complexity Analysis

The detailed flowchart of the algorithm is described as
follows. First, in order to adapt to the discrete optimiza-
tion scenario in community detection, SOSCD adopts the
most popular encoding method, named label-based representa-
tion [16], [17], [19], [28], to construct population individuals.
In the representation, an individual X is represented by a
label-based integer string X = {x1,x2, -+, Xj, -+, X} and
i € [1,n], which serves as a candidate community partition,
where n is the number of nodes. Each element x; indicates the
commlID of node i. A community structure C can be identified
automatically from X without decoding operation. Based on
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the label-based representation, the population in SOSCD is
initialized by constructing NP individuals. To avoid generating
lots of unreasonable partitions, a biased process utilized in [16]
is introduced to improve the quality of individuals after initial-
ization. The operation can help to increase the probability of
neighbor nodes to locate in a same community. SOSCD only
needs three initial parameters, including the population size
NP, the maximal number of iterations fyyax, and the threshold
value 6 for CM. Second, SOSCD enters the main loop to
update the population iteratively for convergence in the search
space. The main loop consists of three variation operations in
the standard SOS and two newly designed LS strategies. The
variation operations in SOS include mutualism, commensal-
ism, and parasitism, and each operation is performed on every
individual in the population. Detailed description can be found
in Section III-A. After variation, LS operations (NCM and
NLS) described in Section III-B are implemented on all and
half the number of individuals with higher fitness, respectively,
further enhancing the exploitation ability of SOSCD for global
convergence. The main loop stops when some predefined
terminal conditions are satisfied. At last, the current best
individual in the population is the output as the final optimal
community partition.

In SOSCD, the computational cost mainly relies on the
operations in the main loop. Since the time complexity of
the operations (3-7) in Algorithm 1 are O(3n), O(n), O(n),
O (nd), and O (n *x kg), respectively, the total time complexity
of SOSCD can be simplified as O (fmax * NP * n * d), where
n is the number of nodes and d defines the average number
of neighbors for each node. The time complexity of SOSCD
is a little lower than its most competitive contrast algorithm
CDEMO that is proposed in our previous study [19].

IV. EVALUATION OF CORE OPERATIONS IN SOSCD

This section provides a detailed demonstration of the effec-
tiveness of core operations to improve the global convergence
performance in SOSCD. The proposed algorithm SOSCD is
implemented in MATLAB 7 (2016b), and the experiments are
executed on a computer with Intel Core 2.2-GHz CPU and
8-GB RAM.

A. Benchmark Networks

In our experiments, both the synthetic and real-world bench-
marks networks are adopted, all of which are well-studied in
the literature [16]-[20], [28].

1) GN Networks: GN network is the most frequently used
synthetic benchmark network in community detection. GN
network, introduced by Girvan and Newman [40], is the most
frequently used synthetic benchmark network in community
detection [8], [43]. In each GN benchmark network, there
are 128 nodes divided into four communities of 32 nodes
each. Each node has zj, edges connecting nodes within the
same community and zoy edges connecting nodes in other
communities. Besides, the total expected degree of each node
1S Zin+Zout = 16. In our experiments, ten different kinds of GN
networks are designed for test, with the community structures
becoming much vaguer with parameter zoy ranging from 0 to
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TABLE I

TYPICAL REAL-WORLD NETWORKS. N REPRESENTS THE NUMBER OF
NODES, AND M REPRESENTS THE NUMBER OF EDGES. ABBREVIA-
TIONS IN BRACKETS ARE QUOTED IN TABLE II TO REFER TO THE
CORRESPONDING NETWORKS

Networks N M
Zachary Karate Club (ZKC) 34 78
Bottlenose Dolphins (BD) 62 159
Kreb Political Books (KPB) 105 441
American College Football (ACF) 115 613
Santa Fe Institute (SFI) 118 200
Jazz Musicians (JM) 198 2742
Celegans Neural (CN) 453 2040
E-mail Communication (EMC) 1133 5451
Yeast Protein-Protein Interaction (PPI) 1430 6531
NetScience (NS) 1589 2742
Facebook 2888 2981
Power Grid (PG) 4941 6594
Scientific Collaboration (SC) 5242 14496
Erdos (Erdos) 6927 11850
PGP 10680 24340

9 with a span of 1.0. Community detection becomes difficult
on the condition of zoy > Zin, SO an algorithm that can find
out real communities is considered to be stable enough.

2) LFR Networks: LFR network is another well-known syn-
thetic benchmark network [43], whose community structures
are much closer to real-world networks. For LFR benchmark
networks, the distribution of degrees and community sizes
are both power laws with tunable exponents. The mixing
parameter x determines the fuzzy degree of communities, and
a larger value of u indicates vaguer community structures.
In the experiments, eight different kinds of LFR networks
containing 1000 nodes are also designed for the test, where
parameter u is ranged from O to 0.7 with a span of 0.1.
Besides, the community size and average degree are set in
the range of [10, 50] and [20, 50], respectively.

3) Real-World Networks: Apart from synthetic benchmark
networks, many well-known real-world networks are also
frequently used in studies. Table I summarizes a list of
typical real-world networks along with their unique topological
information [3], [23], [40]-[42], [44].

B. Performance Metrics

Up to now, there is no standard performance metric that can
be used to evaluate the quality of the community structures
detected in complex networks [28]. From the perspective of
experiments, modularity (Q) and normalized mutual infor-
mation (NMI) are the two most widely used metrics at
present [16]-[20], [28].

1) Modularity: Modularity (Q) defined in (2) is the most
widely used performance metric for community detection in
existing studies. It mainly measures the significant level of the
community structure detected from real-world networks whose
real communities are usually unknown.

2) Normalized Mutual Information: NMI is defined as

c c CiiN
-234 Zjil Cijlog (C,-IC]-)

c ; c G\’
>4 Cilog () + 252, ¢jlog()

NMI(A, B) = (7
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TABLE II

TYPICAL OPTIMIZATION ALGORITHMS FOR COMMUNITY DETECTION BASED ON EAs AND NATURE-INSPIRED METHODS. ABBREVIATIONS IN THE

COLUMN OF “TEST NETWORKS” ARE EXPLAINED IN DETAIL IN TABLE I

Strategies  Algorithms Objective functions Test networks References
GATHB Modularity ZKC, ACF, EMC Tasgin et al. 2007 [11]
GA-Net Community Score GN, BD, KPB, ACF Pizzuti. 2008 [10]
LGA Modularity GN, BD, KPB, ACF Jin et al. 2011 [12]
Meme-Net Modularity Density GN, ZKC, BD, KPB, ACF Gong et al. 2011 [39]
MOGA-Net Community Score and Community fitness GN, ZKC, BD, KPB, ACF Pizzuti et al. 2012 [15]
GA MOEA/D-Net Negative Ratio Association and Ratio Cut GN, ZKC, BD, KPB, ACF Gong et al. 2012 [51]

ECGA Modularity GN, LFR, ZKC, BD, KPB, ACF, CN, ]M Li et al. 2013 [13]
MAGA-Net Modularity LFR, ZKC, BD, KPB, ACF Li and Liu. 2016 [14]
GGA+ Modularity KPB, ACF Guerrero et al. 2017 [52]
. GR, LFR, BA, FF, WS, ZKC, BD, .
CC-GA Modularity KPB. ACE, JM. NS. Facebook, SC. PGP Said et al. 2018 [53]
MODPSO Kernel K-Means and Ratio Cut GN, LFR, ZKC, BD, ACF, SFI, NS, PG Gong et al. 2014 [23]
GDPSO Modularity GN, ZKC, BD, ACF, SFI, EMC, NS, PG, PGP Cai et al. 2015 [21]
Discrete PSO Modularity Density GN, LFR, ZKC, BD, KPB, ACF, SFI, NS Zhou et al. 2016 [22]
PSO MPSOA Modularity Density GN, ZKC, BD, KPB, ACF Zhang et al. 2016 [54]
MOPSO-Net Kernel K-Means and Ratio Cut GN, ZKC, BD, KPB, ACF Rahimi et al. 2018 [55]
ACOMRW Fraction of Vertices Classified Correctly RN, ZKC, BD, ACF Jin et al. 2011 [26]
AC ACODCS Modularity GN, ZKC, BD, KPB, ACF Chen et al.2012 [1]
ACO Modularity GN, ZKC, BD, KPB, ACF Chang et al. 2013 [27]
EDA UMDA Modularity or Community Score GN, LFR, BD, KPB, ACF Parsa et al. 2015 [20]
DECD Modularity GN, ZKC, ACF Jia et al. 2012 [16]
CCDECD Modularity ZKC, BD, ACF, PPI, Erdos Huang et al. 2012 [17]
DE IDDE Modularity GN, LFR, ZKC, BD, KPB, ACF, SFI, IM Zhang et al. 2015 [18]
CoCoMi Modularity ZKC, BD, KPB, ACF, CN, EMC, Erdos, PGP He et al. 2016 [3]
CDEMO Modularity GN, LFR, ZKC, BD, KPB, ACF Xiao et al. 2018 [19]
FOA CDMFOA Modularity or Modularity Density GN, LFR, ZKC, BD, KPB, ACF Liu et al. 2016 [28]
Bat BA Modularity ZKC, BD, ACF Hassan et al. 2015 [29]
DBA Modularity GN, ZKC, KPB, ACF Song et al. 2016 [30]
FSA FSA Modularity and Conductance LFR, KPB, ACF, EMC, NS, PGP, Twitter Pattanayak et al. 2019 [5]
STA MDSTA Modularity GN, ZKC, BD, KPB, ACF, JM, EMC, NS, PG Zhou et al. 2019 [8]

NMI is mainly used to measure the similarity between the
detected community structures and the real ones in synthetic
networks. The value of NMI ranges from O to I, and a
larger value of NMI indicates a higher detection performance.
Detailed description of the parameters in (7) can also be found
in the literature [3], [19].

C. Algorithms for Performance Comparison

Up to now, many algorithms have been proposed for
community detection. Classical algorithms are most widely
used, which usually use traditional techniques, such as greedy
technique, mathematical programming, and spectral optimiza-
tion, for modularity optimization [45]. Typical examples
include GN [46], Fast Nm [47], CNM [48], BGLL [49],
MSFCM [50], FMM/H1 [44], and so on. In recent years,
an impressive growth of EAs and bio-inspired methods was
appeared, approaching the community detection problem with
nature-inspired computational models. We summarize many
state-of-the-art algorithms in Table II, from which a set of
representatives are used to make a comparison with SOSCD.

D. Parameter Setting

SOSCD only includes three parameters: NP, tmax, and 0.
NP represents the population size. fmax means the maximum
number of iterations, which is used as the termination con-
dition. If the number of iterations of the main loop in an

algorithm exceeds fmax, the algorithm will be terminated. ¢ is
used as a threshold value in the NCM operation, determining
whether the community membership of the target node should
be modified. We calculate the probability of a node that it is
not in the same community as its neighbors. If the probability
is larger than ¢, it will be placed into a new community.

SOSCD is not sensitive to parameters, and basic parameter
setting can meet most network detection requirements. In our
experiment, SOSCD uses the same parameter setting on all
test networks, NP = 100, tpax = 200, and 6 € [0.2, 0.6].
For large and complex real networks, a smaller value of o
can improve the global search performance of SOSCD for
detecting the global optimal partition.

E. Validation of Optimization Strategy

In SOSCD, a novel bio-inspired algorithm (i.e., SOS) has
been served as the optimizing strategy for modularity opti-
mization. In order to prove the superiority of SOS, a com-
parison between SOS and other three popular optimization
strategies in community detection is made, including GA,
PSO, and DE.

For a fair comparison, three independent community detec-
tion algorithms based on the standard GA, PSO, and DE are
constructed, named GACD, PSOCD, and DECD separately.
All the three competitors follow the same optimization frame-
work as SOSCD with only the optimization strategy being
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Fig. 4. Comparison of optimization strategies on GN networks.

replaced with the standard GA, PSO, and DE. In all the
experiments, the population size NP and maximum number
of iterations tmax are set to be 100 and 200, respectively.
The threshold value J utilized in NCM operation is assigned
in the range of [0.2,0.6]. Special parameters in different
optimization strategies are set as follows: the crossover rate
Pc = 0.8 and mutation rate Pm = 0.2 in GA, the learning
factors C1, C2 = 2 in PSO, the mutation factor F = 0.9, and
crossover factor CR = 0.3 in DE.

First, the synthetic benchmark network (GN) is adopted to
test the accuracy and stability of all the algorithms. Since
the correct community structure of GN networks can be
obtained, we mainly focus on whether a detection algorithm
can identify the real community partition. Test results are
presented in Fig. 4, where each data point represents an
average optimal value of NMI acquired by each algorithm on
each network in 30 independent runs.

As shown in Fig. 4, all the algorithms can achieve the
best value of NMI when zqy¢ is smaller than 4, which means
that real community structures can be efficiently identified.
However, when zoy is larger than 4, differences begin to
appear. Specifically, when zoy increases from 5 to 6, all the
algorithms except the PSOCD, can still get the optimum.
However, when zqy¢ increases from 7 to 8, all the algorithms
deteriorate sharply, where PSOCD shows the fastest decline
in accuracy, and GACD and DECD perform relatively better
than PSOCD with the value of NMI always greater than 0.8.
SOSCD performs the best among the four competitors because
its NMI always achieves 1.0 when zqy is not larger than 7 and
with the highest accuracy in other cases.

Second, four real-world networks shown in Table I are
also utilized to further examine the detection performance
of SOSCD. Experimental results in Fig. 5 shows the box
plots of statistical values of modularity obtained by all of
the four competitors over ten runs. In each box plot, the red
line represents the average best values of modularity, and the
edges of the box indicate the upper quartile and lower quartile,
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Fig. 5. Comparison of optimization strategies on real-world networks.

(a) Karate network. (b) Dolphins network. (c) Polbooks network. (d) Football
network.

respectively. Whiskers extend to the most extreme data is no
more than 1.5 times the length of the box away from the box,
and the outliers are represented by crosses.

As we can see from Fig. 5(a), all the average best values of
modularity are equal to the maximum value (Q = 0.4198), and
there are no outliers, which illustrates that all the algorithms
can identify real partitions of the Karate Club network with
high efficiency. Fig. 5(b) shows that the performance differ-
ence between algorithms on the Bottlenose dolphin network is
much greater than that on the Zachary Karate Club network.
As we can see, SOSCD performs rather well and outperforms
the other three competitors in terms of accuracy and stability
according to the statistical values of modularity. Among the
three competitors, the performance of GACD is remarkably
consistent, but it never finds the global optimum. PSOCD
performs rather unstable, and its accuracy is the worst. Com-
pared with GACD and PSOCD, the performance of DECD
is very competitive, which gets a detection result closing
to the global optimum obtained by SOSCD (Q = 0.5285).
However, it is not as accurate and stable as SOSCD. Fig. 5(c)
shows the modularity optimization results on the political book
network. Although all the algorithms perform rather stable and
almost have the same median values of modularity, the optimal
partition obtained by SOSCD is still the best. Statistic values
obtained by GACD, PSOCD, and DECD are all close to
0.5269, but the average best value acquired by SOSCD can
reach 0.5272. Fig. 5(d) shows the detection results on the
American college football network. Due to the complexity of
the network, large differences are witnessed from the detection
results of the four competitors. PSOCD still performs the worst
and the average best value is not larger than 0.5900. DECD
and SOSCD perform rather well on this network, and both of
them can achieve the global optimal partition (Q = 0.6046)
with excellent stability.
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To sum up, SOSCD can efficiently discover community
structures from both the synthetic benchmark and real-world
networks. Experimental results make us believe that opti-
mization strategy is truly important in community detection.
It can greatly influence the global convergence ability of the
detection algorithm and the quality of community partitions.
The introduced bio-inspired algorithm (SOS) is truly effective
to serve as the optimization strategy, and it can improve the
global convergence performance of SOSCD.

FE. Validation of Neighbor-Based Community Modification

SOSCD employs a NCM strategy to improve the quality of
the candidate community partitions in the population. NCM
is designed based on the utilization of node neighborhood
information and acts as a LS operation to assist the global
search by promoting exploitation.

In order to verify the effectiveness of NCM strategy on
the performance of SOSCD, another two competitors based
on the framework of SOSCD are designed: one is with the
well-known clean-up operation that we name it as CM for
comparison purposes and the other does not use any CM
strategy for LS. All of the three algorithms are tested on
both the synthetic benchmark and real-world networks, and
their performance is compared by assessing the quality of the
obtained optimal partitions.

We first test the algorithms on GN networks to illustrate the
efficiency of the NCM strategy. Fig. 6 shows the comparison
results on ten different GN networks with zoy,; increasing from
0 to 9. Accuracy and stability are evaluated according to
the average best values of NMI acquired in 30 independent
runs. From the test results shown in Fig. 6, when zgy is
smaller than 5, all the three algorithms can efficiently find out
true partitions with NMI = 1. However, when z,,¢ increases
from 6 to 7, except the algorithm without CM strategy,
another two competitors can still get the global optimum.
Moreover, when zoy is larger than 7, the performance of all
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the algorithms declines very quickly, and SOSCD with NCM
acquires relatively better results but still fails to identify the
actual structures.

Apart from GN networks, real-world networks are also
adopted to test the performance of the NCM strategy, and the
statistical results are shown in Fig. 7, which presents the box
plots of statistical values of Q recorded over ten runs. It can be
observed in Fig. 7 that SOSCD without CM strategy performs
the worst, especially on the Dolphins and Football networks.
It can only achieve the best median value of Q on the Zachary
Karate Club network and gets the lowest values on the other
three networks. In addition, its statistical consequences are
very volatile. On the contrary, SOSCD with NCM strategy
always obtains the largest value of Q, and its outliers are much
smaller than those of the others. SOSCD with the original
CM strategy performs relatively competitive. It can achieve
robust results on most of the test networks, and its accuracy
and stability can be significantly improved comparing with the
one without CM strategy.

From the above-mentioned experimental results, we can see
that the CM strategy is truly an effective LS method for the
performance improvement of community detection. Especially,
the newly designed NCM strategy is of great importance in
the framework of SOSCD, which can effectively enhance the
performance of SOSCD in terms of precision and stability.

G. Validation of Neighbor-Based Local Search

In SOSCD, the NLS strategy is designed based on node
neighborhood information and acted as a more-refined LS
operation performed after NCM to help high-quality but
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Fig. 8. Performance validation of NLS on GN networks.

suboptimal individuals jump out of the local optimum and
increase the probability of finding the global optimal partition.

In order to test the effectiveness of NLS strategy on the
performance of SOSCD, another two competitors based on
the framework of SOSCD are also designed: one is with the
hill-climbing LS (HLS) strategy and the other does not use
any LS strategy. In the experiment, all the three algorithms
are tested on both the synthetic and real-world networks, and
their performance is compared by evaluating the quality of the
obtained optimal partition.

We first test the algorithms on GN networks to illustrate the
efficiency of the NLS strategy. Fig. 8 shows the comparison
result on ten different GN networks with zqy¢ increasing from
0 to 9. Accuracy and stability are measured according to the
average best values of NMI acquired in 30 independent runs.
As shown in Fig. 8, when zqy is smaller than 1, all the three
algorithms can find the true partitions. When zqy¢ increases
from 2 to 7, both the algorithms without the LS and with
HLS deteriorate rapidly, only SOSCD with NLS can still find
out the real community structures. However, when zgy i
greater than 7, none of the three algorithms can achieve the
global optimum, but SOSCD still performs the best. When
Zout Tises to 8, the value of NMI obtained by SOSCD remains
close to 0.9.

To further validate the superiority of NLS in promoting the
global convergence ability of SOSCD, performances of the
three algorithms are further studied on real-world networks.
As shown in Fig. 9, statistical values of Q obtained by the
three algorithms are presented in the box plots. It can be seen
that the convergence performance of the three competitive
algorithms is quite different. For the algorithm without LS,
the accuracy is always the worst since the statistic values
of Q are always the smallest. For the algorithm with HLS,
the average best value is greatly improved comparing with
the one without LS, especially on the Karate and Football
networks. By contrast, the algorithm with NLS is always
better than the other two competitors, as its median values
represented by the red lines are always the largest and the
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outliers are relatively small except for the result on the
Bottlenose dolphin network.

The above-mentioned experimental results make us believe
that NLS in SOSCD is truly important for making a more-
refined and accurate LS. It utilizes neighborhood information
of vertexes to avoid a random LS and thus further enhances
the exploitation ability. NLS can greatly affect the quality
of the high-performance candidate partitions and increase the
probability of find the global optimum.

V. PERFORMANCE COMPARISON BETWEEN SOSCD AND
STATE-OF-THE-ART ALGORITHMS

This section provides a detailed comparison between
SOSCD and many typical state-of-the-art modularity optimiza-
tion algorithms. Community detection performance of all the
algorithms is verified on both the synthetic benchmarks and
well-studied real-world networks.

A. Performance Comparison on GN Benchmarks

In the following, we first verify the effectiveness of
SOSCD on a set of gradually changed GN networks with zgyu¢
increasing from 0 to 8 with an interval of 1.0. We choose
11 typical and high-performance modularity optimization
algorithms for comparison, including GN [46], CNM [48],
GATHB [11], ECGA [13], MPSOA [54], UMDA [20],
BGLL [49], DECD [16], CDEMO [19], CDMFOA [28],
and MDSTA [8]. Among all the competitors, GN, CNM,
and BGLL are the three traditional and classical algorithms
designed based on deterministic optimization strategies, while
the others are metaheuristics based on typical EAs (GA, EDA,
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Fig. 10. Best NMI of SOSCD and 11 competitors on a set of GN networks
with zoyt increasing from O to 8 with an interval of 1.0. Each data point is
obtained based on averaging 30 times running of each algorithm.

and DE) or nature-inspired approaches (PSO, FOA, and STA).
Fig. 10 shows the variation of the detection results obtained
by SOSCD and all the competitors, in which each data
point represents an average best value of NMI. For some
of the competitors shown in Fig. 10, such as the MDSTA,
CDMFOA, UMDA, MPSOA, and ECGA, we collect part of
the results from the literature [8], [13], [20], [28], [54], and
we run the codes of other algorithms to obtain the results
after averaging 30 times running of each algorithm.

As shown in Fig. 10, all the algorithms perform very well
and the real partitions of GN networks can be easily found
out when zoy; < 3. As the value of zyy gradually increases,
the community structure begins to become more vague. When
Zout increases from 4 to 6, the performance of GN, CNM,
GATHB, MPSOA, and ECGA begins to decline dramatically,
while other algorithms can basically get the optimal partition.
However, when zoy is greater than 6, all the algorithms
deteriorate very quickly and almost all of them get stuck into
local optimum except SOSCD, CDEMO, and CDMFOA. If the
value of zoy rises to 8, none of the algorithms can detect
real communities, but SOSCD, CDEMO, and ECGA can still
obtain competitive detection results. However, the performance
of ECGA is not as good as that of the SOSCD and CDEMO
at the conditions of zoyt = 5, 6, and 7.

To sum up, SOSCD can always obtain the best detection
results on all the GN networks, according to the statistical
results of NMI shown in Fig. 10. Compared with many state-
of-the-art modularity optimization algorithms, SOSCD can get
very competitive detection results with high-quality optimal
partitions in terms of precision and stability.

B. Performance Comparison on LFR Benchmarks

Second, we try to verify the effectiveness of SOSCD on
a set of gradually changed LFR networks with x increasing
from O to 0.7 with an interval of 0.1 to further investigate the
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Fig. 11. Best NMI of SOSCD and nine competitors on a set of LFR networks
with u increasing from O to 0.7 with an interval of 0.1. Each data point is
obtained based on average 30 times running of each algorithm.

robust of SOSCD. Similarly, we choose nine typical and high-
performance modularity optimization algorithms for compari-
son, including GN [46], CNM [48], GATHB [11], ECGA [13],
MPSOA [54], UMDA [20], BGLL [49], DECD [16], and
CDEMO [19]. Fig. 11 shows the variation of the detection
results obtained by SOSCD and all the competitors, in which
each data point represents an average best value of NMI.
For some of the competitors shown in Fig. 11, such as the
UMDA, MPSOA, and ECGA, we collected the part of the
results from the literature [13], [20], [54] and run the codes
of the other algorithms to obtain the results after averaging
30 times running of each algorithm.

From the variation curve presented in Fig. 11, it can be
observed that compared with GN benchmark networks, LFR
networks are much more difficult to detect because their
community structures are more complicated, considering the
number, scale, and diversity of communities. As a result,
the performance of all the algorithms is not as satisfactory
as that on GN networks. Among all the tested algorithms,
CDEMO and SOSCD perform relatively superior to others,
as illustrated by the value of NMI on each network, especially
when u < 0.6. On the networks with small values of u
(u <0.2), CDEMO, SOSCD, GN, DECD, BGLL, UMDA,
and ECGA obtain similar and competitive detection results.
However, most of the algorithms deteriorate very quickly
with the growth of u, and at the same time, the difference
among algorithms are gradually increasing. When u is between
0.2 and 0.4, CDEMO, SOSCD, GN, and BGLL outperform the
others. However, when u is larger than 0.4, the performance
of GN decreases rapidly, while CDEMO, SOSCD, and BGLL
show good stability and their superiority in terms of accuracy
becomes much more significant. As u increases to 0.7, most
algorithms can no longer achieve accurate detection results,
while SOSCD, CDEMO, and BGLL can still detect significant
community structures. Compared with the most competitive
algorithm CDEMO, although the accuracy of SOSCD is lower
than that of CDEMO when u is less than 0.6, SOSCD shows
better stability when u increases from 0.6 to 0.7.
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To sum up, SOSCD can always obtain accurate community
partitions on all the tested LFR networks, illustrated by the
averaging best value of NMI. In another word, SOSCD can
efficiently identify community structures from LFR benchmark
networks and with excellent scalability and accuracy.

C. Performance Comparison on Small-Scale
Real Networks

Third, to further investigate the detection ability of SOSCD,
we attempt to verify its effectiveness and superiority on four
most widely used small-scale real-world networks. A detailed
comparison between SOSCD and many state-of-the-art mod-
ularity optimization algorithms is implemented. According to
the incorporated optimization strategies, all the competitors
are roughly classified into three categories. The first cate-
gory contains six traditional and classical algorithms, most
of which are designed based on deterministic optimization
strategies, including GN [46], Fast Nm [47], CNM [48],
BGLL [49], MSFCM [50], and FMM/H1 [44]. The second
category includes eight well-known metaheuristics based on
typical EAs, such as GA and DE, including MOEA/D-Net
[51], GATHB [11], ECGA [13], CC-GA [53], DECD [16],
CCDECD [17], IDDE [18], and CDEMO [19]. The last
category mainly focuses on methods based on nature-inspired
approaches, such as DBA [30], ACODCS [1], MPSOA [54],
MODPSO [23], CDMFOA [28], MDSTA [8], and SOSCD.
We test all the algorithms on the four small-scale real-world
networks and utilize modularity as the metric for measurement.
Table III records the highest value of Q obtained by each
algorithm, part of the results for competitors (such as ECGA,
CC-GA, DBA, ACODCS, MPSOA, CDMFOA, and MDSTA),
are collected from the literature [1], [3], [8], [13], [28], [30],
[53], [54], while others are acquired by running the codes of
each algorithm for an average of 30 times.

From the statistical data presented in Table III, it can be
observed that traditional and classical community detection
algorithms are able to find out certain community structures
from real-world networks, but their accuracy is barely satis-
factory and the difference between their performance is not
significant. For example, on the Karate network, none of the
algorithms can obtain the best value of QO (Q = 0.4198) that
is the highest modularity value we have known and all of the
algorithms fall into local optimum.

Compared with classical algorithms, the metaheuristics
based on typical EAs show better performance, where the
first four algorithms are designed based on GA and the others
take DE as the optimization strategy. As we can see, ECGA,
CC-GA, and the four DE-based algorithms can get the optimal
partition containing four communities with the value of Q
equal to 0.4198 on the Karate network. Besides, on the Dol-
phins network, the novel GA-based algorithm CC-GA and the
DE-based algorithm CDEMO obtain the best partition with O
equal to 0.5285. All of the four DE-based algorithms achieve
the best partition on the Football network. After carefully
examination, we find that ECGA and CC-GA perform better
than other GA-based algorithms. In addition, DE-based algo-
rithms show very competitive performance when compared
with the GA-based ones.
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TABLE III

HIGHEST VALUE OF Q OBTAINED BY CLASSICAL ALGORITHMS, META-
HEURISTICS BASED ON TYPICAL EAs AND NATURE-INSPIRED METH-
ODS. NOTE THAT THE BEST RESULT FOR EACH NETWORK IS
HIGHLIGHTED IN BOLDFACE

Algorithm Karate Dolphins ~ Polbooks  Football
GN 0.4013 0.5194 0.5099 0.5994
Fast Nm 0.3810 0.4960 0.5020 0.5490
CNM 0.3807 0.4950 0.5019 0.5770
BGLL 0.4150 0.4950 0.5150 0.6010
MSFCM 0.4132 0.3991 0.4601 0.5268
FMM/H1 0.3941 0.4882 0.5175 0.5960
MOEA/D-Net  0.3715 0.3735 0.5180 0.6005
GATHB 0.4024 0.5219 0.5176 0.5508
ECGA 0.4198 0.5242 0.5269 0.6010
CC-GA 0.4198 0.5285 0.5270 0.5940
DECD 0.4198 0.5249 0.5262 0.6046
CCDECD 0.4198 0.5216 0.5268 0.6046
IDDE 0.4198 0.5282 0.5271 0.6046
CDEMO 0.4198 0.5285 0.5271 0.6046
DBA 0.4028 0.5277 0.5265 0.5990
ACODCS 0.4165 0.5268 0.5262 0.6031
MPSOA 0.4198 0.5191 0.5255 0.6030
MODPSO 0.4198 0.5268 0.5260 0.6046
CDMFOA 0.4198 0.5285 0.5272 0.6033
MDSTA 0.4198 0.5285 0.5272 0.6046
SOSCD 0.4198 0.5285 0.5272 0.6046

The last section in Table IIl provides relevant detection
results of a set of metaheuristics based on typical nature-
inspired methods, with BA, ACO, PSO, FOA, STA, and SOS
as optimization strategies, respectively. The performance of
these emerging algorithms is competitive when compared with
the first two categories of methods in terms of accuracy.
In particular, SOSCD, MDSTA, and CDMFOA show excellent
detection performance among all the competitors since they
can basically obtain the best results on almost all the tested
small-scale real-world networks.

D. Performance Comparison on Large-Scale
Real Networks

Finally, three well-known large-scale real-world networks
are used to further test the scalability of SOSCD, including
the NetScience network, the PowerGrid network, and the PGP
network. The NetScience network represents the collaborate
relationship among scientists, which contains 1589 nodes and
2742 edges [5], [8]. The PowerGrid network with 4941 nodes
and 6594 edges is constructed based on the high-voltage
power grid in the U.S. [8]. The PGP network is a web-trust
network of signature for private communication, containing
10680 nodes and 24316 edges [5].

The SOSCD is compared with six different well-known
state-of-the-art community detection algorithms, including
LPA [56], GN [46], BGLL [49], CC-GA [53], MDSTA [8],
and FSA [5]. CC-GA is a clustering coefficient-based GA with
novel population initialization and mutation methods. MDSTA
is a novel modularity-based discrete STA, which is constructed
based on a novel intelligent optimization algorithm STA. FSA
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TABLE IV

MAXIMUM AND AVERAGE VALUES OF Q OBTAINED BY LPA, GN,
BGLL, CC-GA, MDSTA, FSA, AND SOSCD ALGORITHMS FOR THE
NETSCIENCE, POWER GRID, AND PGP NETWORKS. NOTE THAT
THE HIGHEST PERFORMANCE OF Qggst AND OMean FOR EACH
NETWORK IS HIGHLIGHTED IN BOLDFACE. THE SYMBOL “—

” INDICATES THAT THE RESULTS OF THE CORRESPOND-

ING ALGORITHMS CANNOT BE FOUND FROM THE
CORRESPONDING LITERATURE

Network NetScience (NS) | Power Grid (PG) PGP
MOdlﬂarity Qbest Qmean Qbest Qmean Qbest Qmean
LPA 0.9255 09197 | 0.7532  0.7471 0.8192  0.8055
GN 0.9579  0.9579 | 0.9330 0.9330 0.8516  0.8516
BGLL 0.9597 09597 | 0.9356 0.9356 0.8794  0.8794
CC-GA 0.9580  0.9550 - - 0.8520  0.8430
MDSTA 0.9599 0.9597 | 09376 0.9345 - -
FSA 0.9585  0.9585 - - 0.8717  0.8717
SOSCD 0.9599  0.9597 | 0.9369 0.9365 0.8796  0.8794

is a fire spread community detection algorithm that is inspired
by the fire propagation model.

Since the real partitions of the three large-scale real-world
networks are unknown, we also utilize modularity as the metric
for comparison. Each of the experiment is conducted for ten
runs, and the maximum and average values of Q (i.e., Qpest
and Qmean) are recorded in Table IV. Note that in Table IV,
the experimental results for CC-GA, MDSTA, and FSA are
collected from the literature [5], [8], [53]. The highest values
of Opest and Qmean Obtained by all of the algorithms are shown
in bold face, and the symbol “~” indicates that the results
cannot be found from the corresponding literature.

As we can see from Table IV, among all the seven algo-
rithms, SOSCD obtains the highest Qpest values of 0.9599 and
0.8796 on NetScience and PGP networks, respectively. Com-
pared with the results of LPA, GN, and BGLL on the Pow-
erGrid network, SOSCD can obtain a partition with higher
Obest, and it is only less than that of MDSTA. On all of the
three networks, SOSCD can always get the partitions with the
highest O mean among these seven algorithms. From the above-
mentioned experiment results in large-scale networks, it can
be concluded that SOSCD has very excellent scalability on
community detection.

From the above-mentioned experimental results, we can
conclude that SOSCD is an effective bio-inspired metaheuris-
tic algorithm for community detection. It can identify modules
from both of synthetic and real-world networks with high
precision and stability, outperforming many state-of-the-art
modularity optimization algorithms.

VI. CONCLUSION

In this article, a discrete bio-inspired metaheuristic algo-
rithm called SOSCD is designed to improve the performance
of modularity optimization for community detection of net-
works. By simultaneously enhancing the convergence ability
of the incorporated optimization strategy and making sufficient
and rational utilization of neighborhood information to assist
global search, the global convergence performance of SOSCD
in modularity optimization is greatly improved. Experimental
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results on two sets of well-known synthetic benchmarks and
typical real-world networks from small to large scale validate
the effectiveness and superiority of SOSCD in community
detection. Compared with many state-of-the-art modularity
optimization algorithms, SOSCD can significantly improve
the quality of community partition in terms of precision and
stability.

The innovation of SOSCD mainly includes three aspects.
First, a novel bio-inspired method, SOS, is discretized
and incorporated in SOSCD as the optimization strategy.
It effectively improves the global convergence performance
of SOSCD in modularity optimization when compared with
other optimization strategies, such as the standard GA, PSO,
and DE. Second, an NCM strategy is newly designed based
on the well-known clean-up operation but with more relaxed
restriction when modifying the communities of nodes for
better partitions. By taking a more rational utilization of
node neighborhood information, it can efficiently enhance the
exploitation ability of SOSCD and avoid falling into local opti-
mum at the same time. The effectiveness of NCM in correcting
wrong partitions and improving the quality of individuals
has been verified. At last, an NLS strategy is also proposed,
which helps high-quality but suboptimal individuals escape
from local optimum and increase the probability of finding
the global optimum. Different from other LS methods, NLS
can avoid random invalid search and reduce computational
complexity by using node neighborhood information.

The above-mentioned improvement measures make SOSCD
accurate and robust in recovering communities from complex
networks, providing a high-efficient method for further inves-
tigation of networks, such as link prediction [57], [58], user
recommendation [59], and information propagation [60], [61].
In addition, due to the advantages of requiring no special para-
meters and feature information of networks, SOSCD can be
extended for application in more kinds of complex networks,
such as signed networks [31], [62] and the networks with
fuzzy overlapping communities [44]. In this article, SOSCD
is mainly designed to deal with networks with less than
10000 nodes. In our future work, we will concentrate on
handling large-scale networks with millions of nodes that are
very common in the big data era.
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