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Social computing is a new paradigm for information and communication technology. Social
network analysis is one of the theoretical underpinnings of social computing. Community
structure detection is believed to be an effective tool for social network analysis. Uncover-
ing community structures in social networks can be regarded as clustering optimization
problems. Because social networks are characterized by dynamics and huge volumes of
data, conventional nature-inspired optimization algorithms encounter serious challenges
when applied to solving large-scale social network clustering optimization problems. In
this study, we put forward a novel particle swarm optimization algorithm to reveal com-
munity structures in social networks. The particle statuses are redefined under a discrete
scenario. The status updating rules are reconsidered based on the network topology. A
greedy strategy is designed to drive particles to a promising region. To this end, a greedy
discrete particle swarm optimization framework for large-scale social network clustering
is suggested. To determine the performance of the algorithm, extensive experiments on
both synthetic and real-world social networks are carried out. We also compare the pro-
posed algorithm with several state-of-the-art network community clustering methods.
The experimental results demonstrate that the proposed method is effective and promising
for social network clustering.

� 2014 Elsevier Inc. All rights reserved.
1. Introduction

With the rapid development of the Internet and the Web 2.0 technologies, diverse types of social media networks, such as
Blog, Wiki, Facebook, Twitter, and Weixin, have emerged and are changing the fundamental methods through which people
share information and communicate. It is universally acknowledged that social media are profoundly affecting not only the
global economy but also every aspect of our daily lives. Social media data are characterized by large data volumes, dynamics,
interactivity and heterogeneity, which makes conventional computing models difficult to utilize. Social media data analysis
challenges computing techniques in an unprecedented manner.

In 2009, scholars from the fields of social science, physical science, information science, etc., cooperated in an iconic work
in [22], and since then, a new academic term has come into existence: social computing. Social computing, a new computing
paradigm, is a cross-disciplinary research area integrating the computational and social sciences. According to Wikipedia,
stering,
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social computing refers to the use of social software, the result of a growing trend in information and communication tech-
nology usage of tools that support social interaction and communication. Another definition can be found in [46]. Social com-
puting aims at making use of computing techniques to help people to communicate and cooperate and to help to understand
how a society operates and functions so as to direct decision making. The primary task for social computing is the model
construction. Currently, the mainstream model is the social network model in which nodes denote the social objects, and
edges represent social interactions among them. From this point of view, social computing largely depends on the analysis
of the constructed social networks. Social networks have numerous features, among which the community structure is an
eminent one. In academic domains, communities, also called clusters or modules, are groups of vertices that most likely
share common properties and/or play similar roles within the graph. Probing the community structures of networks can help
us to understand how a network functions.

The discovery of community structures in networks can be considered as an optimization problem [29]. In the past
few decades, numerous nature-inspired optimization algorithms characterized by good local learning and by global
searching abilities have gathered momentum through both theoretical and empirical studies. Evolutionary algorithms
(EAs) are some representative optimization paradigms among the nature-inspired optimization algorithms. EAs have
been developed and successfully applied to a wide range of optimization problems, including network clustering
optimization. Recently, scholars have successfully applied both single- and multi-objective EAs to discover community
structures in networks [32,33,13]. In addition to the EA-based metaheuristic optimization techniques, another class is
swarm-intelligence-based avenues, among which the outstanding paradigm is particle swarm optimization (PSO) [18].
PSO originated from the behavior of social animals, such as fish schooling and birds flocking. PSO optimizes a problem
by employing a group of particles. Each particle is a candidate solution to the problem. The candidate solutions are
updated with simple rules learnt by the particles. Due to its efficacy and its extremely easy implementation, PSO is pre-
valent in the optimization field, and diverse variants have been proposed [43,28,42]. However, canonical PSO is specially
designed for continuous optimization problems. Although some discrete successors have emerged in the literature, their
applications are still limited.

Note that due to the huge volume of data sets, social network clustering optimization is a large-scale global optimization
(LSGO) problem. LSGO problems refer to optimization problems that involve a large number of decision variables. LSGO is
difficult for existing optimization techniques. Studies on scaling up nature-inspired optimization algorithms to solve LSGO
problems have attracted much attention [53,47,50,23]. In this paper, a discrete PSO algorithm for large scale social network
clustering is put forward for the first time. The main highlights of the proposed algorithm are as follows. First, in order to
handle the LSGO network clustering problem, the particles’ velocity and position have been carefully redefined under dis-
crete context so as to make them as easier as possible to encode/decode. Second, for the sake of better exhaustive global
searching in the vast searching space, to drive the particles to promising regions, the particle-status-update principles have
been thoroughly reconsidered by taking the advantage of the network topology. Third, to avoid being trapped into local
optima, a greedy strategy specially designed for the particles to adjust their positions is newly suggested. The proposed algo-
rithm is denoted by GDPSO. To check the performance of GDPSO, experiments on computer-generated and real-world social
networks are done. On the real-world networks, we test GDPSO on both small scale and large scale networks. We also com-
pare GDPSO with several state-of-the-art network clustering methods. The experimental results show that the proposed
GDPSO algorithm is very effective and promising.

The remainder of this paper is organized as follows. Section 2 illustrates the related background and gives the motivation
for this work. In Section 3, the proposed GDPSO framework is presented in detail. The designs of the particle representation
and the update principles are described. Section 4 shows the performance testing of the proposed method, and the conclud-
ing remarks are subsequently summarized in Section 5.
2. Related background

2.1. Network clustering

Social networks are constructed based on social behaviors and relations. In graph theory, a social network can be
expressed by a graph that is composed of nodes and edges, as shown in Fig. 1a. Social network clustering separates the whole
network into small parts, within which the similarities are maximized and between which the dissimilarities are maximized,
as in the toy model shown in Fig. 1b. These small parts are called communities in the literature.

Based on the node degree, Radicchi et al. in [34] gave a qualitative definition of a community. Let G ¼ ðV ; EÞ denote a net-

work, where V and E are the aggregations of vertices and links, respectively. Let kin
i ¼

P
i;j2SAij and kout

i ¼
P

i2S;jRSAij be the
internal and external degree of node i, A is the adjacency matrix of G, and S � G is the subgraph that node i belongs to. Then,

S is a community in a strong sense if 8i 2 S; kin
i > kout

i and in a weak sense if
P

i2Skin
i >

P
i2Skout

i .
Thus far, a large number of clustering methods have been developed to discover communities in networks. These clus-

tering methods can be categorized into three classes: (1) hierarchical clustering methods [20,15], which iteratively merge
or split clusters according to vertex similarities; (2) partitional clustering approaches, such as the k-means [8] and fuzzy
k-means methods [52]; and (3) spectral clustering methods [30,49], which use the spectra information of the adjacency
matrix to partition networks. A recent survey on network community detection can be found in [9].
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Fig. 1. Graphical illustration of a (a) graph-modeled social network and (b) social network clustering.
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2.2. Particle swarm optimization

PSO is a population-based stochastic searching algorithm. It was proposed by Eberhart and Kennedy in 1995 [18]. PSO
originated from the social behavior seen in, for example, fish schooling and birds flocking. The easy implementation, concise
framework and fast computational convergence make PSO a popular optimization technique for solving continuous optimi-
zation problems [39,41,6,45,24].

PSO works with a group of individuals, which are typically called ‘‘particles’’. In PSO, each particle has a position and a
velocity vector. The position vector usually simulates a candidate solution to the optimized problem, and the velocity vector
denotes the position-changing tendency. To search for the optimal solution, a particle iteratively updates its flying velocity
and current position according to its own flying experience and according to the other particles’ flying experiences.

Assume that the particle swarm size is pop. Let V i ¼ fv1
i ;v2

i ; . . . ;vD
i g and Xi ¼ fx1

i ; x
2
i ; . . . ; xD

i g be the i-th (i = 1, 2, . . . , pop)
particle’s velocity vector and position vector, respectively. Then, in canonical PSO, a particle adjusts its velocity and position
according to the following simple rules:
Please
Inform
V i ¼ V i þ c1r1ðPbesti � XiÞ þ c2r2ðGbest � XiÞ ð1Þ
Xi ¼ Xi þ V i ð2Þ
In the above equation, Pbesti ¼ fpbest1
i ; pbest2

i ; . . . ; pbestD
i g and Gbest ¼ fgbest1

; gbest2
; . . . ; gbestDg are the i-th particle’s

personal best position and the global best position of the swarm, respectively; the parameters r1 and r2 are random numbers
between 0 and 1; and c1 and c2 are acceleration coefficients termed as cognitive and social components.

Many researchers have worked on improving the swarm’s performance in various ways [16]. Shi and Eberhart [39] first
introduced an inertia weight x to the velocity-updating rule as follows:
V i ¼ xV i þ c1r1ðPbesti � XiÞ þ c2r2ðGbest � XiÞ ð3Þ
The authors argue that a relatively large x is better for exploration, whereas a small x enhances exploitation. To balance
the global and local search abilities, they suggested a linearly decreasing inertia weight factor in [40]. They also designed
fuzzy methods to adjust x nonlinearly [41]. For more information about the inertia weight, please refer to [54,44].

Canonical PSO was designed for continuous optimization; however, its fast convergence and easy implementation have
driven scholars to extend continuous PSO to discrete scenarios. The first trial was the binary PSO (BPSO) algorithm proposed
by Kennedy and Eberhart [19], which was based on the binary coding scheme. Several successors of BPSO using different
strategies can be found in [31,1]. Although BPSO exhibits good performance for some benchmark instances, the binary cod-
ing scheme still limits its application. The direct method of transforming PSO into DPSO utilizes space transformation tech-
niques such as those in [36,37]; however, the mainstream is the particle redefinition DPSO approaches, such as thefuzzy-
matrix-based [25], swap-operator-based [27] and crisp-set-based [4] approaches. In [11], we redefined the position and
velocity of a particle under the scenario of network topology. Combined with a decomposition strategy and some turbulence
operators, a multi-objective discrete PSO algorithm was proposed. Extensive experiments demonstrate the effectiveness of
the suggested method.

2.3. Motivation

PSO demonstrates its excellent abilities in solving some optimization problems; however, canonical PSO was originally
designed for continuous optimization. Designing a proper PSO framework for discrete contexts and enhancing its abilities
of addressing LSGO problems are still challenging. The main contribution of this work is the proposed GDPSO algorithm
for mining community structures in large-scale social networks. In GDPSO, all the algorithm components have been carefully
designed to fit the discrete large-scale network clustering optimization problem. In our previous work in [11], we suggested
a multi-objective DPSO (MODPSO) framework for network clustering. The main difference between GDPSO and MODPSO lies
cite this article in press as: Q. Cai et al., Greedy discrete particle swarm optimization for large-scale social network clustering,
. Sci. (2014), http://dx.doi.org/10.1016/j.ins.2014.09.041
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in the design of the particle-status-update principles. MODPSO emphasizes the network topology; therefore, it updates a
particle using network linkage information. GDPSO lays more emphasis on the algorithm itself; thus, it updates a particle
using a greedy mechanism illustrated in SubSection 3.3. For the single-objective LSGO network problem, experiments dem-
onstrate that our newly designed greedy-mechanism-based update rule is more effective.

3. The proposed algorithm for network clustering

The proposed GDPSO algorithm for social network clustering makes use of the network topology to direct particle status
updates. The greedy strategy is designed to guide particles to a promising region. Some small operators, such as heuristic-
based initialization and position reordering, are introduced to speed up convergence. This section will describe the proposed
algorithm in detail. The whole framework of the proposed GDPSO algorithm for social network clustering is given in
Algorithm 1.

Algorithm 1. Framework of the proposed GDPSO algorithm.

Parameters: particle swarm size popsize, number of iterations gmax, inertia weight x, learning factors c1 and c2;
Input: network adjacency matrix A;
Output: best fitness, community structure of the network;
1: Step 1) Initialize the population: initialize position vectors pop½�:X; initialize velocity vectors pop½�:V ¼ 0; initialize the

Pbest vectors Pbest½�:X ¼ pop½�:X;
2: Step 2) Evaluate particles’ fitness pop½�:fit;
3: Step 3) Update the Gbest particle: Gbest ¼ pop½best�:X;
4: Step 4) Set t ¼ 0;
5: Step 5) Update particle statuses, see SubSection 3.3 for more information;
6: Step 6) Resorting particle positions: resortingðpop½�:XÞ, see SubSection 3.4 for more information;
7: Step 7) Evaluate particles’ fitness pop½�:fit;
8: Step 8) Update the Pbest particles: if pop½�:fit > Pbest½�:fit, then Pbest½�:X ¼ pop½�:X;
9: Step 9) Update the Gbest particle: Gbest ¼ pop½best�:X;
10: Step 10) If t < gmax, then t þþ and go to Step 5); otherwise, stop the algorithm and output.
3.1. Fitness function

The determination of an evaluation criterion is an important issue because it directly affects the final results. In this paper,
the adopted fitness function is the widely used modularity (normally denoted as Q) first proposed by Newman in [10]. The
fitness function can be written as
Please
Inform
fitð�Þ ¼ Q ¼ 1
2m

Xn

i;j

Aij �
ki � kj

2m

� �
dði; jÞ
where n and m are the number of nodes and edges of a network, respectively; ki is the degree of node i and dði; jÞ ¼ 1 if the
nodes i and j are in the same group; otherwise, dði; jÞ ¼ 0. Modularity has been shown to be an effective metric in evaluating
the goodness of a partition. Normally, we assume that the larger the value of Q is, the better the partition is.

3.2. Particle representation and initialization

To make the proposed GDPSO algorithm feasible for the network clustering problem, we redefine the terms ‘‘position’’
and ‘‘velocity’’ under the discrete scenario.

Definition 1 (Position). The position vector represents a partition of a network. The position permutation of the particle i is
defined as Xi ¼ fx1

i ; x
2
i ; . . . ; xn

i g, where xj
i 2 ½1;n� is an integer.

In the above definition, xj
i is called a label identifier, which carries the cluster information. If xj

i ¼ xk
i , then nodes j and k

belong to the same cluster. A graphical illustration of the particle representation is shown in Fig. 2.
It can be observed from Fig. 2 that the above discrete position definition is straightforward and easy to decode and will

reduce the computational complexity, especially in the presence of large-scale networks because the dimensions of the fit-
ness function are the same as the number of nodes in the networks.

Definition 2 (Velocity). The velocity permutation of particle i is defined as V i ¼ fv1
i ;v

2
i ; . . . ;vn

i g, where v j
i 2 f0;1g. If v j

i ¼ 1,
then the corresponding element xj

i in the position vector will be changed; otherwise, xj
i maintains its original state.
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Fig. 2. A schematic illustration of the particle representation.
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In the canonical version of PSO, there is a threshold Vmax that is used to inhibit particles from flying apart because there
exists a situation whereby when the speed of a particle is substantial, it will fly out of the boundaries. To define the velocity
permutation in the above style, we no longer need this parameter, which is hard to tune.

In the initialization step, the position vectors are initialized using a heuristic method introduced in our previous work in
[12]. The velocity vectors are initialized as all-zero vectors. The pbest vectors are initialized in the same manner as the posi-
tion vectors, and the gbest vector is set as the best position vector in the original population.

3.3. Particle-status-updating rules

In the proposed GDPSO algorithm, the particle position and velocity vectors have been redefined in a discrete form; thus,
the mathematical operators in the canonical version of PSO no longer fit the discrete context. In this paper, the mathematical
operators have been redefined as follows:
Please
Inform
V i ¼ xV i � ðc1r1 � ðPbesti€XiÞ þ c2r2 � ðGbesti€XiÞÞ ð4Þ
Xi ¼ Xi~V i ð5Þ
In our algorithm, the inertia weight x and the learning factors c1 and c2 are set using typical values of 0.7298, 1.4961 and
1.4961. It can be seen that the above equations have the same format as in canonical PSO but that the key components are
different. In the next step, these components will be illustrated in detail.

Definition 3 (Position € Position). Assume that we are given two position permutations P1 ¼ fp1
1; p

2
1; . . . ; pn

1g and
P2 ¼ fp1

2; p
2
2; . . . ; pn

2g. Position € Position is a velocity vector, i.e., P1€P2 ¼ V ¼ fv1;v2; . . . ;vng. The element v i is defined as
v i ¼ 0 if pi
1 ¼ pi

2

v i ¼ 1 if pi
1 – pi

2

(
ð6Þ
The inspiration of the above defined operator comes from two aspects. First, from the perspective of swarm intelligence, a
particle will adjust its velocity by learning from its neighbors. The learning process is actually a comparison between the
positions; in other words, two position vectors generate a velocity vector. Second, from the viewpoint of graph theory,
two position vectors represent two types of network community structures. The defined € operation actually reflects the
difference between two network structures.

Definition 4 (Coefficient � Velocity). The operator � is the same as the basic arithmetical multiplication operator. For
instance, given a coefficient c � r ¼ 1:3 and given a velocity vector V ¼ f1;0;1;1;0g, c � r � V ¼ f1:3;0;1:3;1:3;0g.
Definition 5 (Velocity � Velocity). Velocity � Velocity equals a velocity as well. Given two velocity vectors
V1 ¼ fv1

1;v2
1; . . . ;vn

1g and V2 ¼ fv1
2;v2

2; . . . ;vn
2g, V1 þ V2 ¼ V3 ¼ fv1

3;v2
3; . . . ;vn

3g. The element v i
3 is defined as
v i
3 ¼ 1 if v i

1 þ v i
2 P 1

v i
3 ¼ 0 if v i

1 þ v i
2 < 1

(
ð7Þ
The definition of the operator � is straight forward, and the operation is easy to perform. Moreover, it can always make sure
that the velocity is binary coded, which is easier for the position to work with.
Definition 6 (Position ~ Velocity). The operator ~ is the key component. A particle will update its position according to a
new velocity, i.e., Position ~ Velocity generates a new position. A good operator ~ should drive a particle to a promising
region. Given a position Pold ¼ fp1

old; p
2
old; . . . ; pn

oldg and a velocity V ¼ fv1;v2; . . . ;vng;Pold~V ¼ Pnew ¼ fp1
new; p

2
new; . . . ; pn

newg.
The element of Pnew is defined as follows:
pi
new ¼ pi

old if v i ¼ 0
pi

new ¼ arg maxj DQðpi
old; jjj 2 LiÞ if v i ¼ 1

(
ð8Þ
where Li ¼ fl1; l2; . . . ; lkg is the set of label identifiers of vertex i’s neighbors. The DQ is calculated using the following
equation:
cite this article in press as: Q. Cai et al., Greedy discrete particle swarm optimization for large-scale social network clustering,
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Please
Inform
DQðpi
old; jjj 2 LiÞ ¼ fitðPoldjpi

old  jÞ � fitðPoldÞ ð9Þ
Eq. (8) can be regarded as a greedy local search strategy because a particle updates its position by choosing the label iden-
tifier that can generate the largest fitness increment. In our previous work in [11], we updated the position by choosing the
dominated label identifier (identifier owned by the majority of the neighbor vertices of a given node). Through our exper-
iments, we find that the greedy local search update rule defined in Eq. (8) works better for single-objective optimization.
For more information, please refer to Section 4.4. A graphical exhibition of the ~ operation is shown in Fig. 3a. Fig. 3b gives
a simple illustration of how a particle updates its status.

In Fig. 3b, Xi represents the current particle’s position vector, V1 and V2 are intermediate velocity vectors determined
using Eq. (6), and Vi is the new velocity calculated using Eq. (7). Under the guidance of the velocity Vi, the current particle
updates its current position Xi using Eq. (8), and thus, a new position Xj is obtained.

It can be observed from the above description that (1) the proposed GDPSO algorithm has a concise framework, (2) the
newly defined particle representation is direct and easy to decode, and (3) the redefined updating rules are easy to realize. All
these merits make this advanced algorithm capable of addressing large-scale networks.

3.4. Particle position reordering

In the proposed algorithm, to avoid unnecessary computing, a particle position reordering operator is designed. Given
that X ¼ fx1; x2; . . . ; xng is a position vector of a particle, the particle position reordering operator acts on X and outputs a
new vector X0. The operator reorders the elements in X with a starting value of 1. The pseudocode of the reordering operator
is given in Algorithm 2.

Algorithm 2. Pseudocode of the reordering operator.
Input: an integer permutation X ¼ fx1; x2; . . . ; xng;
Output: reordered permutation X0 ¼ fx01; x02; . . . ; x0ng;
1: set counter ¼ 1;X0  X;
2: for i ¼ 1; i 6 n; iþþ do
3: if x0i – � 1 then
4: for j ¼ iþ 1; j 6 n; jþþ do
5: if x0j ¼ x0i then

6: xj ¼ counter; x0j ¼ �1;

7: end if
8: end for
9: x0i ¼ �1; xi ¼ counter; counter þþ;
10: end if
11: end for
12: X0  X;

Fig. 4 gives a graphical illustration of the reordering operator. As illustrated in Fig. 4, p1 and p2 are structure-equivalent
(they correspond to the same partition). If we do not design the resorting operation, then according to Eq. (6), non-zero
velocity vector would be obtained, and according to Eq. (8), a new position would need to be calculated, which would require
computing time. However, if we design the operation so that after resorting, p1 and p2 are the same, then according to Eq.
(6), the obtained velocity will be a zero vector; thus, it would not need to calculate the new position, resulting in reduced
computing time.
4. Experimental study

In this section, we test our proposed algorithm on both synthetic networks and on real-world networks. We also
compare our algorithm with several state-of-the-art community detection algorithms: GA [32], MOGA [33], LPA [2],
CNM [5] and Informap [35]. To enable a fair comparison, in the experiments, the objective function used in the GA is
replaced by the modularity, and we use the modularity to choose the ultimate solution from the Pareto front for the
MOGA. The population size and the maximum number of iterations for the GDPSO, GA and MOGA are set to 100, the
crossover and mutation probabilities for the GA and the MOGA are set to 0.9 and 0.1, respectively. The LPA and Informap
are two iterative methods; the maximum number of iteration is set to 5 and 100, respectively. In addition, we also
perform a comparison with two canonical data clustering methods: the k-means method proposed in [17] and the
normalized cut (Ncut) approach proposed in [38]. Our algorithm is coded in C++, and the experiments were performed
on a 3.2 GHz Inter(R) Core(TM) i3 CPU 550 machine with 4 GB memory. The operating system is MS Windows XP, and
the compiler is VC++ 6.0.
cite this article in press as: Q. Cai et al., Greedy discrete particle swarm optimization for large-scale social network clustering,
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4.1. Performance metric

In addition to the modularity index, for the case where the ground truth of a network is known, we adopt the Normalized
Mutual Information (NMI) [7] metric to estimate the similarity between the true community structures and the discovered
ones.

Given that A and B are two partitions of a network, C is a confusion matrix. Cij equals the number of nodes shared by com-
munity i in partition A and by community j in partition B. Then, NMI(A,B) is written as
Please
Inform
I ¼
�2
PCA

i¼1

PCB
j¼1CijlogðCij � n=Ci:C :jÞPCA

i¼1Ci:logðCi:=nÞ þ
PCB

j¼1C:jlogðC:j=NÞ
ð10Þ
where CA (or CB) is the number of clusters in partition A (or B) and Ci: (or C:j) is the sum of the elements of C in row i (or in
column j).

4.2. Results on synthetic networks

We first perform some experiments on the benchmark network proposed by Lancichinetti et al. [21]. The benchmark net-
work is divided into four communities. Each community has 32 nodes. The average degree of each node is 16. Every node
shares a fraction 1—c of links with the rest of its community and c with the other nodes of the network. Here, c is called
the mixing parameter. The mixing parameter controls the portion of links within a community and outside of it. We test
all the algorithms on 11 computer-generated networks with values of c ranging from 0.0 to 0.5. Fig. 5 shows the statistical
results averaged over 30 runs for different algorithms when the mixing parameter c increases from 0.0 to 0.5 at intervals of
0.05.

As shown in Fig. 5, when the mixing parameter is no larger than 0.15, all the methods, except the MOGA and k-means
methods, can determine the true community structures of the networks ðNMI ¼ 1Þ. As the mixing parameter increases,
the GA, LPA and CNM fail to discover the correct partitions. For c ¼ 0:4, our proposed method and Ncut still obtain
NMI ¼ 1, whereas the other methods cannot. When c is larger than 0.4, from the curve, it can be observed that the NMI values
quickly decrease and that our method fails to detect the ground truths. One reason that can account for this is that when c is
larger than 0.4, the community structure of the network is rather vague, that is, we can say that there is no community struc-
ture. Moreover, optimizing the modularity has been proven to be NP hard. Therefore, it is very hard for an optimization
method to uncover any communities under this scenario.
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The experiments on the computer-generated benchmark networks prove that the proposed GDPSO framework for net-
work clustering is feasible. The proposed algorithm is capable of uncovering community structures in social networks.
Although from the curves, we may note that Ncut seems to perform the best; however, Ncut needs to specify the clusters
in advance, which is very inconvenient.
4.3. Results on real-world networks

In this section, we test the performance of the GDPSO on four small-scale networks and on four large-scale networks. The
parameters of each network are listed in Table 1. For each social network, we run each of the Algorithms 30 times.

We first test the algorithms on the four small-scale networks. We also perform a statistical analysis using the Wilcoxon
rank sum test. In the right-tailed rank sum test experiments, the significance level is set to 0.05 with the null hypothesis that
the two independent samples (the two modularity sets) come from distributions with equal means. Tables 2 and 3 show the
experimental results and the hypothesis test p-values.

From the two tables, we can note that our proposed GDPSO algorithm performs remarkably well in terms of the modu-
larity values and the computational time. The small p-values indicate that our proposed algorithm is substantially better
than the compared methods. Our proposed GDPSO framework possesses excellent global exploration ability. On the four
small-scale networks, our proposed algorithm outperforms the other methods, except for the GA. The GA optimizes the same
objective as does the GDPSO. From the experiments, we find that the GA and the GDPSO perform well, but the GDPSO con-
verges faster. In the next step, we will analyze the community structures discovered by the GDPSO on the four small-scale
networks.

The Karate network is a network of relations between 34 members of a karate club. Fig. 6 shows the real community
structure and the detected structure of the network. It can be observed that our algorithm has discovered four clusters,
which are the subdivisions of the real ones. This phenomenon also occurs in the dolphin network. Fig. 7 clearly displays
the discovered structure of the dolphin network. Our algorithm divides one of the two clusters in the real structure into four
smaller sections. We cannot determine if this division makes sense to the dolphins; from the perspective of optimization, our
method simply finds the best objective function value.

The football network represents American football games between Division IA colleges during the regular season in the
Fall of 2000. In this network, although our algorithm obtains the largest Q value, through our analysis, we find that several
vertices, such as the numbers 29, 43, 37, 81, 60, 91 and 63, are misclassified. This is mainly caused by the nuances in the
scheduling of games.

The SFI network represents 271 scientists and their collaborators in residence at the Santa Fe Institute during any part of
calendar years 1999 or 2000. Fig. 8 exhibits the discovered communities in the network. From the figure, we notice that the
GDPSO splits the network into eight strong communities, with divisions running principally along disciplinary lines. We
have reason to believe that the discovered communities are meaningful. The sub-communities that are subdivisions of
the original three large-scale groups are centered around the interests of leading members.

Experiments on the four small-scale social networks indicate that the proposed GDPSO algorithm is effective. The algo-
rithm exhibits an outstanding search ability when addressing moderate-scale optimization problems. To further verify its
optimization ability, we next test the algorithm on four large-scale networks. Tables 4 and 5 list the statistical results.

The rank sum test results indicate that our proposed algorithm is superior to the GA, MOGA, LPA and k-means algorithm
for the four large networks and that it outperforms Informap for the four big networks, except for the e-mail network. The
CNM and Informap methods are two deterministic methods. For the four large networks, the CNM seems to perform the best
from the angle of modularity, LPA is the fastest, and the k-means algorithm performs poorly. The MOGA, k-means and Ncut
methods can hardly handle large-scale networks. For the PGP network, the MOGA cannot provide output after four hours,
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Table 1
Networks parameters.

Network #Node #Edge Weighted Directed #Clusters Reference

Karate 34 78 No No 2 [51]
Dolphin 62 159 No No 2 [26]
Football 115 613 Yes No 12 [10]
SFI 118 200 Yes No Unknown [10]
E-mail 1133 5451 No No Unknown [14]
Netscience 1589 2742 Yes No Unknown [30]
Power grid 4941 6594 No No Unknown [48]
PGP 10680 24340 No No Unknown [3]

Table 2
Experimental results on the Karate and dolphin networks. The parameter k used in k-means and Ncut is set to 4 for the Karate network and 5 for the dolphin
network.

Network index Karate Dolphin

Qmax Qavg Tavg Iavg p-Value Qmax Qavg Tavg Iavg p-Value

GDPSO 0.4198 0.4198 2.5800E�2 0.6881 � 0.5285 0.5284 5.8621E�2 0.8935 �
GA 0.4198 0.4198 1.9871E�1 0.6873 0.5000 0.5285 0.5280 2.3868 0.5892 0.1591
MOGA 0.4198 0.4160 1.3975 1 0.0000 0.5085 0.4098 3.1713 0.9442 0.0000
LPA 0.4151 0.3264 3.3133E�3 0.6623 0.0000 0.5258 0.4964 3.8011E�3 0.6194 0.0000
CNM 0.3800 0.3800 5.0700E�2 0.6920 0.0000 0.4950 0.4950 2.2517E�2 0.5730 0.0000
Informap 0.4020 0.4020 2.1331E�1 0.6995 0.0000 0.5247 0.5247 3.7121E�1 0.4662 0.0000
k-Means 0.1429 0.0351 2.6121E�2 0.6059 0.0000 0.4796 0.3787 4.5717E�2 0.4282 0.0000
Ncut 0.4198 0.4198 4.2272E�3 0.6873 0.5000 0.5068 0.5047 8.2015E�3 0.5084 0.0000

Table 3
The experimental results on the football and SFI networks. The parameter k used in k-means and in Ncut is set to 12 for the football network and to 7 for the SFI
network.

Network index Football SFI

Qmax Qavg Tavg Iavg p-Value Qmax Qavg Tavg p-Value

GDPSO 0.6046 0.6041 9.4210E�2 0.8889 � 0.7506 0.7449 4.5217E�2 �
GA 0.5929 0.5829 4.9276 0.8227 0.0000 0.7506 0.7505 6.8536 1.0000
MOGA 0.5280 0.5173 4.1731 0.7883 0.0000 0.7430 0.7323 1.9742 0.0000
LPA 0.6030 0.5848 8.2001E�3 0.8735 0.0000 0.7341 0.7095 5.3731E�3 0.0000
CNM 0.5770 0.5770 1.1292E�1 0.7620 0.0000 0.7335 0.7335 4.5661E�2 0.0000
Informap 0.6005 0.6005 1.2133 0.9242 0.0000 0.7334 0.7334 7.7563E�1 0.0000
k-Means 0.5783 0.5130 5.4805E�2 0.8512 0.0000 0.4376 0.2780 3.4512E�2 0.0000
Ncut 0.6031 0.6007 8.8133E�3 0.9233 0.0000 0.7478 0.7470 9.5000E�3 0.9990

(a) NMI = 1 (b) Q = 0.4198

Fig. 6. Community structure of the Karate network. (a) Ground truth. (b) Detected structure.
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and the k-means and Ncut methods run out of computer memory. Through our proposed algorithm, we can obtain good
modularity values within a reasonable amount of time. From the tables, it can be observed that our method still falls into
local optimum solutions; for example, for the netscience and power grid networks, the modularity values obtained by the
GDPSO are smaller than those obtained by the CNM. One reason that can account for this is the designed greedy-mecha-
nism-based particle-position-update principle possibly causing prematurity. In the next subsection, we will further discuss
the particle-position-update principle.

4.4. Additional discussion on GDPSO

For the proposed GDPSO algorithm, the population size and the maximum number of iterations affect the performance of
the algorithm. Tables 6 and 7 show the influence of these two parameters on the performance of the algorithm.

The two parameters gmax and popsize are normally set empirically. Small values of the two parameters may not result in
convergence, whereas large values will require substantial amounts of computing time. From the above experiments, as
shown in Table 6 and in 7, we observe that the impact of the two parameters on the performance of the algorithm is not
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Table 4
The experimental results for the e-mail and netscience networks. The parameter k used in k-means and Ncut is set to 4 for the e-mail network and to 100 for the
netscience network.

Network index E-mail Netscience

Qmax Qavg Tavg p-Value Qmax Qavg Tavg p-Value

GDPSO 0.5487 0.4783 2.4717E+1 � 0.9540 0.9512 3.5212E+1 �
GA 0.3647 0.3500 3.1015E+2 0.0000 0.9086 0.9003 1.9967E+2 0.0000
MOGA 0.3283 0.3037 5.3716E+2 0.0000 0.8916 0.8810 7.0681E+1 0.0000
LPA 0.2055 0.0070 6.5033E�2 0.0000 0.9266 0.9202 3.9117E�2 0.0000
CNM 0.4985 0.4985 1.5255E+1 1.0000 0.9555 0.9555 2.0414E+1 1.0000
Informap 0.5355 0.5355 2.3200 1.0000 0.9252 0.9252 1.5577 0.0000
k-Means 0.3681 0.3600 5.2580 0.0000 0.6510 0.6359 5.6187E+1 0.0000
Ncut 0.4841 0.4749 4.7000E�2 0.2384 0.9293 0.9268 3.9302E�1 0.0000

Table 5
The experimental results for the power grid and PGP networks. The parameter k used in k-means and Ncut is set to 200 for the power grid network and to 300
for the PGP network.

Network index Power grid PGP

Qmax Qavg Tavg p-Value Qmax Qavg Tavg p-Value

GDPSO 0.8382 0.8368 4.7818E+2 � 0.8050 0.8013 6.3609E+2 �
GA 0.7161 0.7124 3.4485E+3 0.0000 0.6576 0.6473 3.7798E+4 0.0000
MOGA 0.7035 0.6949 4.9177E+3 0.0000 — — — —
LPA 0.7602 0.7476 1.7373E�1 0.0000 0.7949 0.7845 7.0391E�1 0.0000
CNM 0.9229 0.9229 4.9121E+2 1.0000 0.8481 0.8481 7.8562E+3 1.0000
Informap 0.8140 0.8140 6.3715 0.0000 0.7777 0.7777 1.2313E+1 0.0000
k-Means Out of memory � Out of memory �
Ncut 0.8875 0.8866 4.4442 1.0000 Out of memory �

Table 6
The influence of the population size on the performance of the algorithm. The modularity values over 30 independent runs are recorded in this table.

(gmax = 100) popsize = 20 popsize = 60 popsize = 100 popsize = 140 popsize = 180

Qmax Qavg Qmax Qavg Qmax Qavg Qmax Qavg Qmax Qavg

Karate 0.4198 0.4085 0.4198 0.4174 0.4198 0.4198 0.4198 0.4198 0.4198 0.4198
Dolphin 0.5269 0.5265 0.5277 0.5265 0.5285 0.5284 0.5285 0.5284 0.5285 0.5285
Football 0.6046 0.6027 0.6046 0.6035 0.6046 0.6041 0.6046 0.6041 0.6046 0.6043
SFI 0.7484 0.7408 0.7484 0.7439 0.7506 0.7449 0.7506 0.7456 0.7506 0.7453
E-mail 0.5361 0.4162 0.5384 0.4632 0.5487 0.4783 0.5476 0.4819 0.5437 0.4864
Netscience 0.9323 0.9275 0.9535 0.9492 0.9540 0.9512 0.9537 0.9507 0.9547 0.9511
Power grid 0.7685 0.7627 0.8377 0.8311 0.8382 0.8368 0.8383 0.8357 0.8401 0.8372
PGP 0.8028 0.7974 0.8047 0.8002 0.8050 0.8013 0.8047 0.8011 0.8053 0.8017
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salient. To obtain a tradeoff between the convergence and the computation time, we set gmax ¼ popsize ¼ 100 as the default
configuration of the proposed algorithm.

In Section 4, the experiments on small networks demonstrate the effectiveness of the proposed GDPSO algorithm; how-
ever, its performance on large networks remains unsatisfactory. We made some effort to determine why the GDPSO obtains
unsatisfactory results. Through our analysis, we summarized two key factors. On the one hand, for the network clustering
LSGO problem, the diversity preservation is insufficient. However, we have yet to find a better strategy that can both pre-
serve diversity and ensure fast convergence. On the other hand, the designed particle-position-update principle (Eq. (8))
is based on a simple greedy mechanism, which may lead to prematurity.

Eq. (8) is the key component of the algorithm. It updates the label identifier of a vertex with the neighbor identifier that
generates the largest increase in the objective function value. From the perspective of graph theory, it is natural to update the
vertex identifier with the two different methods shown in Fig. 9.

The two different label-identifier-update principles shown in Fig. 9(b) and (c) make sense from the perspective of
sociology. For example, the ‘‘maxD’’ principle is in accordance with the social phenomenon whereby people prefer to learn
from or simply imitate the one who is the most attractive and talented among their friends, and the ‘‘dominated’’ principle
complies with the social phenomenon that one would like to follow the state that is kept by the majority of his or her friends.
Table 8 shows a comparison of the three update principles.

From the table, we can observe that the ‘‘maxD’’ and the ‘‘dominated’’ principles are computationally faster than that of
‘‘DQ ’’, and the ‘‘maxD’’ principle is the fastest. However, from the modularity index perspective, the ‘‘maxD’’ and the
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Table 7
The influence of the maximum iteration number gmax on the performance of the algorithm. The modularity values over 30 independent runs are recorded in
this table.

(popsize = 100) gmax = 50 gmax = 100 gmax = 150 gmax = 200 gmax = 250

Qmax Qavg Qmax Qavg Qmax Qavg Qmax Qavg Qmax Qavg

Karate 0.4198 0.4180 0.4198 0.4198 0.4198 0.4198 0.4198 0.4198 0.4198 0.4198
Dolphin 0.5277 0.5267 0.5285 0.5284 0.5285 0.5285 0.5285 0.5285 0.5285 0.5285
Football 0.6046 0.6040 0.6046 0.6041 0.6046 0.6037 0.6046 0.6039 0.6046 0.6043
SFI 0.7487 0.7447 0.7506 0.7449 0.7506 0.7454 0.7506 0.7449 0.7506 0.7441
E-mail 0.5157 0.4731 0.5487 0.4783 0.5237 0.4687 0.5431 0.4864 0.5454 0.4997
Netscience 0.9531 0.9482 0.9540 0.9512 0.9537 0.9507 0.9547 0.9511 0.9507 0.9491
Power grid 0.8365 0.8331 0.8382 0.8368 0.8383 0.8357 0.8401 0.8372 0.8404 0.8380
PGP 0.8041 0.8012 0.8050 0.8013 0.8050 0.7991 0.8053 0.8031 0.8053 0.8008
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Fig. 9. Different vertex-label-identifier-update principles. (b) Choose the identifier of the neighboring vertex that has the largest degree. (c) Choose the
dominated identifier from the neighbor vertices.

Table 8
Comparison of different particle-position-update principles.

Algorithm index GDPSO ðDQÞ GDPSO (maxD) GDPSO (dominated)

Qmax Qavg Tavg Qmax Qavg Tavg p-Value Qmax Qavg Tavg p-Value

Karate 0.4198 0.4198 2.5800E�2 0.4156 0.4080 1.7724E�3 0.0000 0.4156 0.4089 3.3976E�3 0.0000
Dolphin 0.5285 0.5284 5.8621E�2 0.5268 0.5265 4.4154E�3 0.0000 0.5268 0.5265 2.8781E�2 0.0000
Football 0.6046 0.6041 9.4210E�2 0.6046 0.6038 1.0939E�2 0.3349 0.6046 0.6038 3.6844E�2 0.5000
SFI 0.7506 0.7449 4.5217E�2 0.7484 0.7433 8.7936E�3 0.0153 0.7497 0.7458 2.3563E�1 0.8812
E-mail 0.5487 0.4783 2.4717E+1 0.4941 0.3108 4.3074E�1 0.0000 0.3670 0.2453 1.1583 0.0000
Netscience 0.9540 0.9512 3.5212E+1 0.9522 0.9478 2.2385 0.0000 0.9334 0.9296 1.2988E+1 0.0000
power grid 0.8382 0.8368 4.7818E+2 0.8382 0.8368 4.5868E+1 0.5000 0.8145 0.8116 2.0348E+2 0.0000
PGP 0.8050 0.8013 6.3609E+2 0.8021 0.7977 1.7526E+1 0.0000 0.8145 0.8093 1.0025E+3 1.0000
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‘‘dominated’’ principles all fall into local optima solutions. The rank sum test results indicate that the ‘‘DQ ’’ mechanism
works better than do the other two particle-position-update principles.

5. Concluding remarks

PSO, which has attracted much interest in recent years, has been demonstrated to be an excellent metaheuristic optimi-
zation technique. However, two main drawbacks hinder its use in many fields. First, PSO was originally designed for contin-
uous optimization problems, which limits its application in discrete optimization domains. Second, PSO suffers from the
curse of dimensionality, i.e., its performance deteriorates quickly as the dimensionality of the search space increases expo-
nentially, which limits its application to LSGO. In this paper, a discrete PSO method designed to discover community struc-
tures in social networks was introduced. In the proposed algorithm, we first redefined the particle position and velocity in a
discrete form and subsequently redesigned the particle-update rules based on the network topology; consequently, a dis-
crete PSO framework was established. When applying the proposed discrete PSO framework to solve the network clustering
problem, because the scale of a real-world social network is especially large most of the time, to alleviate prematurity, a
greedy local-search-based mechanism was specially designed for the particle-position-update rule. Experiments on both
synthetic and real-world networks demonstrated that the proposed algorithm for network clustering is effective and
promising.

Although the proposed discrete PSO algorithm exhibits a good performance, in our experiments, we find that when
addressing large-scale networks, if the averaged degrees of the nodes are large, the algorithm’s search ability remains
insufficient. Moreover, the objective function is non-separable, and in our experiments, we find it to be computationally
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expensive to evaluate when the scale of the network is especially large. Thus, we actually face an expensive LSGO problem.
Our future work will focus on a more in-depth analysis of discrete PSO and its application to expensive LSGO. Such analysis is
expected to shed light on how to further improve discrete PSO.
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