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Community structure is the key aspect of complex network analysis and it has important practical
significance. While in real networks, some nodes may belong to multiple communities, so overlapping
community detection attracts more and more attention. But most of the existing overlapping community
detection algorithms increase the time complexity in some extent. In order to detect overlapping community
structures in complex network more effectively, we propose a novel overlapping community detection
method by local community expansion called OCDLCE. The proposed algorithm firstly partitions the
network into small local communities using the local structural information, and then merges these
communities to the final overlapping community structures. We present the concept of community
connectivity as the criterion of community combination in the second stage of the proposed algorithm. The
experimental results on both synthetic and real networks demonstrate that our algorithm improves the
community detection performance, and at the same time, its time efficiency is better than the state-of-the-art
methods.
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1. INTRODUCTION

Many real-world complex systems can be described using the form of complex networks, such as
social networks, scientists cooperation networks, Web networks, protein interaction networks, etc. [1].
In such networks, each node represents an entity and the links show the relationships between the
entities. Extensive studies have indicated that most of the real networks are composed of communities
(modules or clusters), within which the interconnections are close, but between which the associations
are sparse. This property reflects the extremely common and important topology structure of complex
networks. The community structure of complex networks has important theoretical significance and
broad prospect. Detecting the community structure in complex networks can help to explore the
structure and function of the network, find the hidden laws and predict their behavior. Therefore,
community detection has become one of the most challenging research subjects in various fields.

Early studies of community detection mainly focused on the non-overlapping community
structure, i.e. the network was divided into a number of disconnected communities, and each node can
only belong to a unique community. Representative methods include modularity optimization
algorithms [2-4], spectral clustering algorithms [5,6], hierarchical partition algorithms [7,8], label
propagation algorithms (LPA) [9,10], information theory based algorithms [11], and so forth. However,
in many practical applications, a node may simultaneously belong to multiple communities. For
example, in social networks, each person, according to different classification methods, can belong to
several different communities, such as school, family, friends, etc. Thus, the detection of overlapping
community structures in complex networks is more practical significance. Figure 1 is a simple
networks with two overlapping communities. In the figure, node 5 and node 6 belong to both the two
communities, so they are overlapping nodes.

Figure 1 A simple networks with two overlapping communities
Currently, detecting overlapping communities in complex networks is an appealing problem

which has received more and more attention. Some representative algorithms have been proposed, such



as clique percolation theory based algorithms (CPM [12]), local expansion based algorithms (LFM
[13]), agent based algorithms (COPRA [14]), Link Partitioning based algorithms (LINK [15]),
etc[16,17]. The studies on overlapping community detection have achieved some success [18-20]. But
the time complexity of most of the existing overlapping community detection algorithms is very high.
And they usually require the global knowledge of the network which is space consuming when
analyzing largescale networks. With the increasing complexity of network structure in practical
applications, how to detect community structures more accurately and effectively still faces enormous
challenge and it is worthy of further study.

To overcome the limitations mentioned above, in this paper, we propose a novel overlapping
community detection algorithm by local community expansion, called OCDLCE, which is composed
of a three-phase process including local community detection, community merging and community
refining. Firstly, the algorithm uses the local structural information of the network to find local
communities. Secondly, it merges local communities overlapped severely to larger communities
according to the overlapping score and then classifies the nodes which haven’t been assigned to any
community based on the node fitness. We verify the performance of the proposed algorithm on
synthetic and real networks. Extensive experimental studies confirm that OCDLCE can detect
community structures more effectively and efficiently compared with some other representative
algorithms.

The rest of this paper is organized as follows. Section 2 reviews some related work. In Section 3,
we describe the main idea of our algorithm. The experimental results on both synthetic and real
networks will be presented in Section 4 and then we conclude this paper in Section 5.

2. RELATED WORK

2.1 Representation of complex network

A complex network can be modeled as a graph G=(V,E), where V={v1,v2,…,vn} is the set of nodes,
E={e1,e2,…,em} represents the edges between nodes, n and m are the number of nodes and edges in the
network. N(i) represents the set of neighbors of node i. The notations used in the algorithm are
described in Table 1.

Table 1 Notation description
Notation Description
G=(V,E) A graph with node set V and edge set E
n The number of nodes in G
m The number of edges in G
A The adjacency matrix
d(i) The degree of node i
Com(i) The communities which node i belongs to
N(i) The neighbor set of node i
N(Ci) The communities which have common nodes with community Ci
NC(i) The communities which contain the neighbors of node i

2.2 Local modularity

Many evaluation functions of local community are proposed, such as R function [21], f function
[13], M function [22] and so on. In this paper, we use modularity M as the evaluation criteria in the
process of local community detection since it is simple, effective and requires no parameters. If M
value increases after a node joins in the community, then the node is added to this local community. M
function is defined as Definition 1.
Definition 1: The modularity M of a local community is defined as the ratio of its internal edges and
external edges:
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Min represents the internal edges whose endpoints are both in community C and Mout represents the
external edges which means only one of its endpoints belongs to community C. If both nodes i and j
belong to community C, θ(i,j)=1, otherwise, θ(i,j)=0. λ(i,j)=1 when just only one of nodes i and j
belongs to community C and else λ(i,j)=0.

A strong community should have high value of M, which is based on the relationship between
inside edges and outside edges rather than only relies on inside edges.

2.3 Overlapping score of communities

In this paper, we use overlapping score [23] as the metric to evaluate whether the two
communities should be merged into one community or not. Community overlapping score could better
evaluate the degree of the overlap between two communities by taking into account both the proportion
of overlapping nodes and overlapping edges. The definition of overlapping score is as Definition 2.
Definition 2: overlapping score (OS)
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Where Vi and Vj represent the node sets of community Ci and Cj respectively. Eiin and Ejin denote
the internal edge sets of community Ci and Cj.

The larger the value of the overlapping score is, the higher the probability that the two
communities should be merged into a community is.

2.4 Representative overlapping community detection algorithms

(1) CPM algorithm
CPM[12] is an overlapping community detection algorithm proposed by Palla et al., which is

based on the idea that communities tend to form cliques due to the high density of edges inside. The
algorithm defined a clique with k nodes is k-clique and gave the following assumptions: two k-cliques
are adjacent if they share k-1 nodes and a community is composed of multiple adjacent cliques.
Although each k-clique belongs to only one community, k-cliques belong to different communities may
share same nodes. Based on the above assumptions, the steps of CPM algorithm to identify overlapping
communities are as follows.
a) Identify all the k-cliques in the network (k≤K), where K is a given parameter. And establish the

clique-clique overlap matrix;
b) Detect overlapping communities based on the clique-clique overlap matrix.

The definition of clique is too strict and CPM requires a large number of cliques in the network, so
it cannot be applied to networks with little cliques. What’s more, CPM algorithm is limited to the value
of the parameter K and its time complexity is high.
(2) LFM algorithm

LFM[13] proposed by Lancichinetti et al. in 2009 is based on local expansion and optimization.
LFM expands a community from a random seed node to form a natural community until the fitness
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  is locally maximal, where c

ink and c
outk are the total internal and

external degree of the community c, and α is the resolution parameter controlling the size of the
communities. After finding one community, LFM randomly selects another node which has not yet
been assigned to any community to grow a new community. All these communities together form the
overlapping community structure of the whole network. The steps of LFM are as follows:
a) Pick a node A at random;
b) Detect the natural community of node A;
c) Pick a node B which is not yet assigned to any community randomly;
d) Detect the natural community of B, exploring all nodes regardless of their possible membership to

other groups;



e) Repeat steps c and d until all nodes are assigned to at least one community.
LFM depends significantly on the resolution parameter α and the worst-case complexity is O (n2).

(3) COPRA algorithm
COPRA[14] is based on LPA algorithm proposed by Gregory. It extends LPA to overlapping

community detection by allowing each node has up to v labels, where v is the parameter of the
algorithm. It labels each node x with a set of pairs(c,b),where c is a community identifier and b is a
belonging coefficient, which indicates the strength of x belong to community c, ranging from 0 to 1.
Initially, each node is assigned a unique label, and then the label and the belonging coefficient are
updated according to its neighbors. Nodes with the same label eventually are divided into the same
community, and those with multiple labels are the overlapping nodes connected to different
communities. The steps of COPRA are as follows.
a) Initialization: assign a unique label to each node in the network, ci(0)=i. And initial its belonging

coefficient as 1, (Cx,l).
b) Iteration of label propagation: each node updates the label and the belonging coefficient according to

its neighbors.
c) Community division: divide all nodes share the same label into a community.

COPRA algorithm inherites some defects of the original label propagation algorithm and cannot
get the stable community structure.
(4) LINK algorithm

LINK[15] is proposed by Ahn et al.. Its main idea is to partition edges instead of nodes to discover
community structure. Given a pair of edges eik and ejk incident on a node k, the similarity can be
computed via the Jaccard Index defined as S(eik,ejk)=|Ni∩Nj|/|NiNj|, where Ni is the neighborhood of
node i including i and Nj is the neighborhood of node j including j. Edges are partitioned via
hierarchical clustering of edge similarity. This method firstly makes hard division on the set of edges in
the network, and then transforms the result into the right side of the corresponding community structure
of nodes. A node in the original graph is called overlapping if edges connected to it are put in more than
one edge communities.

The time complexity is O(n*kmax2),where kmax is the maximum node degree in the network. LINK
algorithm is easy to form the phenomenon of excessive overlapping, since it divides all the edges into
specific communities.

3. OURMETHOD

Most of the existing local community detection algorithms start from a single node and utilize an
optimization function to get the local community which the node belongs to. Then they merge the local
communities according to the merging criteria. However, the algorithms cannot get the expected results
starting from any node. Because of this limitation, we propose a novel overlapping community
detection algorithm by local community expansion (OCDLCE). The algorithm starts from each edge of
the network and sets the two nodes corresponding to the edge as the initial node set. It then adds nodes
to get the local communities using M function as the standard and gets the final structure by local
community expanding.

There are three main steps in OCDLCE algorithm including local community detection,
community merging and community refining. The rest of this section will describe the three-phase
process of the algorithm in detail respectively.

3.1 Local community detection

This algorithm takes each local community as a unit to expand to get the community structure of
the network. The local community detection algorithm starts from each edge and sets its endpoints vi
and vj as an initial local community. Then the algorithm analyses each of the common neighbor nodes
of vi and vj, adding the node into the local community if its join makes M of the community increase.
The endpoints vi and vj together with all eligible neighbor nodes constitute a local community. Figure 2
illustrates the algorithm on a simple example.
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Figure 2 illustration of local community detection
The process of local community detection on Figure 2 extended from edge euv is described as

follows. The common neighbor set of the endpoint u and v is {a,b,c}. The local community is initialed
as {u, v}, and the M value of this community is 1/7. Discuss the change of M after each node of {a,b,c}
is added to the community: If node a is added into the community, M = 3/7 and it is larger than the
original value, so a is joined to the community, the community expands as {u, v, a}; If node b is added
into the community, M = 5/6 and it is larger than the former value, so b is joined to the community, the
community expands as {u,v,a,b}; If node c is added into the community, M = 7/9 and it is smaller, so
node c cannot be joined to the community. The final local community expanded from edge euv is
{u,v,a,b}.

The pseudo-code of the process of detecting local communities is depicted in Algorithm 1.
Algorithm 1 Detecting local communities
Input: Network G=(V,E)
Output: local communities LC={LC1,LC2,…,LCk1}
01: LC= Ø
02: for (u,v) E and Com(u) ∩Com(v)= Ø
03: LCTemp={u,v}
04: NC=N(u) ∩N(v)
05: if |NC|>2
06: for nodeNC
07: ifM(LCTempnode) > M(LCTemp)
08: LCTemp = LCTemp node
09: end if
10: end for
11: end if
12: if | LCTemp |>4
13: LC=LC LCTemp

14: end if
15:end for

This step of our method has the property of being easily parallelizable, since only the neighbors of
endpoints of each edge are needed to perform independent computations, and it can be easily realized
in a MapReduce framework.

3.2 Community merging

The number of local communities found in the first step is large and the size of them is relatively
small. So they need to be merged to get more ideal communities. Based on the community overlapping
score, we propose the concept of adjacent community and connectivity community. According to these
metrics, our method merges the connective local communities repeatedly to get the community
structure of the network.

The overlapping score in definition 2 equally treated the impact of the proportion of the
overlapping nodes and the overlapping edges. However in some networks, the impact of the two parts
is not necessarily equally important. Therefore, we propose the weighted overlapping score in



Definition 3.
Definition 3: weighted overlapping score (WOS)
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Where α is a tunable parameter between 0 and 1. The affecting of the overlapping nodes and
overlapping edges is adjusted by changing the parameter α. When α=0.5, it is equivalent to the original
overlapping score definition.
Definition 4: connectivity community

For two communities Ci and Cj, if WOS(Ci, Cj) ≥β, they are adjacent. Two local communities are
connectivity if they can be reached through a series of adjacent local communities.

Community merging algorithm takes the local community detected in the first step as a union to
expand by combining all connectivity communities. The detailed process is presented in Algorithm 2.

Algorithm 2 Community merging
Input: local communities LC={LC1,LC2,…,LCk1}
Output: communities C’={C1’,C2’,…,Ck’}
01: C’=LC
02: for Ci C’

03: Union(Ci)=Find connectivity set of community(Ci)
04: Ci = Union(Ci)  Ci
05: C’= C’\ Union(Ci)
06: for u Ci

07: update Com(u)
08: end for
09: end for

The value of parameters α and β influence the result of local community detection on the complex
network. Their values are generally related to the density of community structure. The parameter α is a
tunable parameter to adjust the importance of the proportion of overlapping nodes and overlapping
edges on the overlapping score of local communities. The parameter β is the threshold value to
determine whether two local communities are adjacent. It affects the judgment of the connectivity of
local communities, and further influences the combination of local communities. The larger the value
of β is, the less local communities will be combined, the more communities will be achieved, and the
higher overlapping degree of communities will be.

3.3 Community refining

In the first step of discovering the local community, some nodes do not belong to any local
community. They are not able to participate in the step of combining the community and they are not
classified into any of the communities. Therefore, these nodes need to be further handled. It is helpful
to introduce the concept of node fitness in Definition 5, according to which, the nodes those are still not
assigned into any community will be assigned.
Definition 5: Node fitness

The fitness of node a with respect to community C is equal to the increment of modularity M
between node a is added to community C and removed � �from the community. As shown in Eq. 4.

{ } { }
a
C C a C af M M   (4)

MC+{a} represents the value of modularity M after node a is added into community C and MC-{a} is
the value of modularityM after node a is removed from community C.

The strategy of community refining: For the nodes which are not divided into any community, we
calculate the fitness a

Cf with respect to the communities which their neighbors belong to, and then
divide the node into communities with a

Cf larger than 0. Finally, the nodes still not divided into any
community are seemed as isolated nodes. The description of community refining is presented in
Algorithm 3.



Algorithm 3 Community refining
Input: communities C’={C1’,C2’,…,Ck’}
Output: final communities C={C1,C2,…,Ck}
01: C= C’

02: for uV and Com(u)= Ø
03: for CiNC(u)
04: if u

Ci
f >0

05: Ci = Ci {u}
06: Com(u)=Com(u) {i}
07: end if
08: end for
09: if Com(u)= Ø
10: u is an outlier
11: end if
12: end for

3.4 Time complexity analysis

The overall complexity of the algorithm depends on the highest complexity of the three parts of
the algorithm. In the following we will analyze each of them on a network G with n nodes and m edges
sequentially.

The first process of OCDLCE traverses each edge of the network and finds the local communities
by checking the intersection neighbor set of its endpoints. Its time complexity is O (m×d), where d is
the average degree of the node on the network. The second phase of OCDLCE is to merge the local
communities obtained in the first process. Its time complexity is O (k12), where k1 represents the
number of local communities found in the first process and k1<n. So the time complexity of this
process is less than O (n2). The third process of OCDLCE is to reassign the nodes which haven’t been
divided into any community. If all nodes are divided the third phase will be not executed. The
maximum time complexity of this phase is O (n×d). Considering that m and n is linear and d << m in
many real networks, so the overall time complexity of OCDLCE algorithm in the worst case is O (n2).
However, experiments show that our algorithm is linear time in most cases.

4. Experimental Studies

This section compares the performance of OCDLCE with COPRA, LFM, CFinder (The
implementation version of CPM algorithm) [24], LLCDA [25] and LINK. All the simulations are
carried out in a desktop PC with Pentium Core2 Duo 2.8GHz processor and 3.25GB memory under
Windows 7 OS. We implement our algorithm in Microsoft Visual Studio 2010 environment.

4.1 Datasets

(1) LFR benchmark networks
LFR benchmark networks [26, 27] are currently the most commonly used synthetic networks in

community detection, including the following parameters. N is the number of nodes; k is the average
degree of nodes in network; maxk is the maximum degree of node; γ and β are the parameters of node
degree and community size distribution respectively; minc is the number of nodes that the minimum
community contains; maxc is the number of nodes that the biggest community contains; mu is a mixed
parameter, which is the probability of nodes connected with nodes of external community. The greater
mu is, the more difficult it is to detect the community structure; om is the number of memberships of
the overlapping nodes and on represents the number of overlapping nodes. We can generate different
types of networks by setting different values of these parameters.
(2) Real networks

We also make experiments on eight well known real networks, including Zachary’s karate club
networks, Dolphins social networks, American College Football networks and so on. The detailed
information of each network is shown in Table 2.



Table 2 The information of real networks

Network ID Network name Number of nodes Number of edges References
R1 Karate 34 78 [28]
R2 Dolphins 62 159 [28]
R3 Political Books 105 441 [28]
R4 Football 115 613 [28]
R5 Email 1133 5451 [29]
R6 Political Blogs 1490 19090 [28]
R7 Netscience 1589 2742 [30]
R8 PGP 10680 24316 [29]

4.2 Evaluation Criteria

(1) Evaluation criteria on synthetic networks
For LFR benchmark network, we use normalized mutual information (NMI) [13] as the evaluation

criteria to compare results of different algorithms, since the groundtruth of the community structure has
already been known.

Assuming the true community collection of the network is C. The membership of node i can be
considered as a binary array of |C| entries. If node i is present in the kth community, (xi)k=1, otherwise
(xi)k =0. We can regard the kth entry of this array as the realization of a random variable Xk, whose
probability distribution is P (Xk=1)=Nk /N, P (Xk = 0) = 1-Nk /N, where Nk is the number of nodes in the
kth community and N is the number of nodes in the networks. The same holds for random variable Yl
associated to the lth community of the community detection result C’. We can define the conditional
entropy to infer Xk given a certain Yl H(Xk|Yl) = H(Xk, Yl) - H(Yl). In particular, we can define the
conditional entropy of Xk with respect to all the components of Y.
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The definition of the normalized conditional entropy of X with respect to Y is Eq.6.
( )1( )
( )
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k k
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The expression for H (Y | X) can be determined in the same way. So, the normalized mutual
information (NMI) is finally defined as Eq.7.

( ) 1 [ ( ) ( )] / 2NMI X Y H X Y H Y X   (7)

The large NMI value indicates that the community detection result is good, and vice versa.
(2) Evaluation criteria on real networks

As the true community structure of most real networks is unknown, we use the overlapping
modularity (EQ) [31] as the evaluation criteria. It is calculated by Eq.8.
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Where m represents the number of edges in the network; A is the adjacency matrix of the network;
if node u and node v are directly connected, Auv = 1, otherwise, Auv = 0; du and dv respectively denote
the degree of node u and node v. Ou and Ov respectively denote the number of communities which node
u and node v belong to. The larger EQ value is, the better the result of community detection is.

4.3 Experimental results and analysis

We use the synthetic and real networks to evaluate the effectiveness of OCDLCE and compare it
with LFM, COPRA, CFinder, LLCDA and LINK.
(1)The experiments on LFR benchmark networks

We generate eight groups of LFR benchmark networks and all the networks share the common
parameters of N=1000, k = 15 and maxk = 50. Each group contains six networks with on ranging from
0 to 500 and they also share parameters minc, maxc, mu and om respectively. The community size



{minc, maxc} are set to {10, 50} and {20,100}, implying small community networks and large
community networks; mu is set to 0.1 and 0.3 respectively representing low and high hybrid network;
and om is set to 2 and 5. The details are shown in Table 3.

Table 3 The information of eight groups of LFR networks
Network ID N k maxk minc maxc mu om on

N1 1000 15 50 10 50 0.1 2 0~500
N2 1000 15 50 10 50 0.1 5 0~500
N3 1000 15 50 10 50 0.3 2 0~500
N4 1000 15 50 10 50 0.3 5 0~500
N5 1000 15 50 20 100 0.1 2 0~500
N6 1000 15 50 20 100 0.1 5 0~500
N7 1000 15 50 20 100 0.3 2 0~500
N8 1000 15 50 20 100 0.3 5 0~500

The parameters of the six algorithms are set as follows: In COPRA v is varied from 2 to 10 with a
step size of 1; In LFM and LLCDA α is set from 0.8 to 1.6 with a step size of 0.1; The parameter k in
CFinder is initially set to 3 and increased by a step size of 1 up to 8; The threshold of LINK is set from
0.1 to 0.9 with a step size of 0.1; The parameter α in OCDLCE is ranging from 0 to 1 and β is ranging
from 0.3 to 0.8 and increased by a step size of 0.1. For the six algorithms, the maximum NMI from
each result under different parameters is selected as the final result. The eight figures in Figure 3 are
the NMI of the six algorithms on eight groups of LFR benchmark networks (N1~N8). The abscissa
represents the fraction of overlapping nodes from 0 to 50%, and the ordinate is the NMI score of the
results.
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Figure 3 The results of the six algorithms on LFR benchmark networks

From Figure 3, it is observed that the results of the proposed algorithm are optimal in most cases.
The NMI of experimental results on eight group networks decreases with the increasing number of
overlapping nodes, especially when om=5. However, our proposed algorithm is relatively stable;
Comparing the left four figures and the right four figures, it can be seen that the results on the networks
with larger om value are worse than those with smaller om. The experimental results on N7 show that
when the number of overlapping nodes is larger than 300, LFM fails to get the results in the effective
period of time and the results of CFinder, COPRA, LLCDA and LINK are bad, while the proposed
algorithm can get NMI which is still greater than 0.5. In summary, the experimental results on the eight
group networks show that the algorithm with respect to LFM, COPRA, CFinder, LLCDA and LINK
can get better community detection results.
(2)The experiments on different size of networks

In order to compare the time efficiency of the algorithms, we generate 10 LFR benchmark
networks, the size N of which is from 1,000 to 10,000, and the other parameters are the same (k = 15,
kmax = 50, minc = 10, maxc = 50, mu = 0.1, om=2, on=0.1×N).

The parameters of the six algorithms are set as follows: In COPRA v is set to 2; In LFM and
LLCDA α is set to 1; The parameter k in CFinder is set to 3; The threshold of LINK is set to 0.3; The
parameter α in OCDLCE is 0.5 and β is 0.4. The time consuming of the six algorithms on the 10 LFR
benchmark networks is shown in Figure 4a. Figure 4b is the enlarge line chart of OCDLCE, COPRA
and LFM. The abscissa represents the number of nodes, and the ordinate indicates the running time of
the algorithms.
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Figure 4 The efficiency comparison of the six algorithms on different sizes of networks

We can see from Figure 4 that the six algorithms use more and more time with the increasing size
of networks. CFinder uses the longest time and the time efficiency of LFM is the best. The running
time of LFM algorithm and OCDLCE algorithm are approximately linear relationship with the number
of nodes in the network. When the number of nodes is more than 8000, OCDLCE use relatively less
time than LFM. And the time efficiency of OCDLCE increases the most slowly with the growing
number of nodes. In summary, OCDLCE algorithm has a better time efficiency than COPRA, CFinder,
LLCDA and LINK. The growth rate of OCDLCE is lower than LFM, so on larger networks OCDLCE
will cost less time than LFM.
(3)The experiments on real networks

The parameters of the six algorithms are set as follows: In COPRA v is varied from 2 to 10 with a
step size of 1; In LFM and LLCDA α is set from 0.8 to 1.6 with a step size of 0.1; The parameter k in
CFinder is initially set to 3 and increased by a step size of 1 up to 8; The threshold of LINK is set from
0.1 to 0.9 with a step size of 0.1; The parameter α in OCDLCE is ranging from 0 to 1 and β is ranging
from 0.3 to 0.8 and increased by a step size of 0.1. For the six algorithms, the maximum EQ from each
result under different parameters is selected as the final result.

Table 4 shows the experimental results on the eight real networks, and for every instance, the best
EQ and efficiency are presented in boldface.

Table 4 The comparison of results on real networks

Networks EQ
COPRA LFM CFinder LINK LLCDA OCDLCE

R1 0.370 0.374 0.186 0.027 0.415 0.482
R2 0.204 0.436 0.361 0.149 0.379 0.368
R3 0.444 0.494 0.437 0.203 0.500 0.532
R4 0.583 0.566 0.548 0.083 0.568 0.565
R5 0.519 0.309 0.265 0.038 0.327 0.595
R6 0.765 0.748 0.758 0.007 0.396 0.874
R7 0.426 0.188 - 0.461 0.468 0.497
R8 0.780 0.622 0.389 0.388 0.655 0.805

It can be seen from Table 4 that in all the real networks besides R2(Dolphins) and R4(Football),
the overlapping modularity of OCDLCE is higher than the other five algorithms. While in all the eight
real networks except R7(Netscience), the overlapping modularity of LINK is the worst. This is because
LINK gets many small link communities, they affect the formation of node community and it cannot
find ideal community detection result. Overall, the quality of the communities detected by OCDLCE
on the real networks is superior to several other algorithms.
(4) Parameter selection

There are two parameters in OCDLCE algorithm, tunable parameter α and overlapping threshold
β. We set OCDLCE with different values of α and β on synthetic networks, and compare the number of
overlapping communities and NMI to analyze the impact of the parameters.

We generate seven LFR benchmark networks with om ranging from 2 to 8 and all the networks
share the common parameters of N=1000, k = 15, maxk = 50, minc=10, maxc=50, mu=0.1 and on =
100. Table 5 shows the real number of communities corresponding to each of the seven networks.



Table 5 The real number of communities for each network with om ranging from 2 to 8
om 2 3 4 5 6 7 8
K 45 47 55 55 57 63 68

In the case of fixed α=0.5, Figure 5 describes the relationship between the number of overlapping
communities and β; Figure 6 represents the relationship between NMI and β. The abscissa represents
the overlapping threshold β and the ordinate represents the number of overlapping communities and
NMI.
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Figure 5 The relationship between the number of communities and β
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Figure 6 The relationship between NMI and β
As it can be seen in Figure 5, with the growing of β, the number of communities increases. This is

because that the large β reduces the number of local communities merged, so the final number of
communities will increase. It can also be seen from Figure 5, when β is set to 0.35 or 0.4, the number
of communities obtained is closest to the real community number. From Figure 6 we can see that the
larger om is, the smaller NMI is, which indicates that the result is worse. This is because with the
increasing of om, the number of communities that the overlapping node belongs to is growing and the
community structure is more complex. In Figure 6, we can also find that when β is equal to 0.35 or 0.4,
the NMI is the maximum.

In the case of fixed β=0.4, Figure 7 describes the relationship between the number of overlapping
communities and α; Figure 8 represents the relationship between NMI and α. The abscissa represents
the adjustable parameter α and the ordinate represents the number of overlapping communities and
NMI.
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Figure 7 The relationship between the number of communities and α
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Figure 8 The relationship between NMI and α
Figure 7 shows that with the increase of α, the number of communities obtained decreases. When

the parameter α is set to 0.6 or 0.7, the number of communities detected is closest to the real number,
which indicate the proportion of overlapping nodes is slightly more important than the overlapping
edges in these networks. It can also be seen from Figure 8 that with the increase of om, the value of
NMI obtained on the network continues to decrease. When α is set to 0.6 or 0.7, the NMI achieves the
maximum.

Experimental results show that by changing the parameters α and β, OCDLCE algorithm can get
good results on different networks.

5. CONCLUSION

In this paper, we present a novel overlapping community detection algorithm by local community
expansion (OCDLCE). The algorithm firstly uses the local information of the network to obtain
small-scale local communities, and then merges the local communities those are serious overlapped.
Finally, it traverses all the nodes which are not classified to any community and divides them into
communities according to the node fitness.

In our experiments on various synthetic and real networks, the results of OCDLCE are better than
COPRA, LFM, CFinder, LLCDA and LINK. Especially when there are relatively a lot of overlapping
nodes, the advantage of OCDLCE is more obvious, as we have verified experimentally. The
experimental results on ten different size networks demonstrate that OCDLCE can detect overlapping
communities faster than other five algorithms. Because of the high speed of OCDLCE, it is feasible to
run OCDLCE repeatedly under different values of α and β to get a good solution.

Acknowledgments

This work was supported by the National High Technology Research and Development Program

of China (Grant No. 2012AA0622022 and Grant No. 2012AA011004), the Doctoral Fund of Ministry



of Education of China (Grant No. 20100095110003 and Grant No. 20110095110010), the Fundamental

Research Funds for the Central Universities under Grant (Grant No. 2013XK10), the Graduate

Research and Innovation Projects in Jiangsu Province（Grant No. CXZZ14_1391）and the National

Natural Science Fund (Grant No. 61402482).

REFERENCES

1. B. Yang, Y. D. Liu, J. Liu, et al. Complex network clustering algorithms. Journal of Software, 2009,
20(1):54-66.

2. J. Lee, S.P. Gross, J. Lee. Modularity optimization by conformational space annealing. Physical
Review E, 2012, 85(5): 056702.

3. Z. Bu, C.C. Zhang, Z.Y. Xia, et al. A fast parallel modularity optimization algorithm (FPMQA) for
community detection in online social network. Knowledge-Based Systems, 2013, 50:246-259.

4. S.Q. Zhang, H.Y. Zhao. Normalized modularity optimization method for community identification
with degree adjustment. Physical Review E, 2013, 88 (5):052802.

5. H.W. Shen, X.Q. Cheng. Spectral methods for the detection of network community structure: a
comparative analysis. Journal of Statistical Mechanics: Theory and Experiment, 2010, 2010(10):
P10020.

6. L. Huang, R.X. Li, H. Chen, et al. Detecting network communities using regularized spectral
clustering algorithm. Artificial Intelligence Review, 2012: 1-16.

7. L. Šubelj, M. Bajec. Unfolding communities in large complex networks: Combining defensive and
offensive label propagation for core extraction. Physical Review E, 2011, 83(3): 036103.

8. V.D. Blondel, J.L. Guillaume, R. Lambiotte, et al. Fast unfolding of communities in large
networks. Journal of Statistical Mechanics: Theory and Experiment, 2008, 2008(10): P10008.

9. U.N. Raghavan, R. Albert, S. Kumara. Near linear time algorithm to detect community structures
in large-scale networks. Physical Review E, 2007, 76(3): 036106.

10. M. He, M. Leng, F. Li, et al. A Node Importance Based Label Propagation Approach for
Community Detection. Knowledge Engineering and Management, 2014: 249-257.

11. M. Rosvall, C.T. Bergstrom. Maps of random walks on complex networks reveal community
structure. Proceedings of the National Academy of Sciences, 2008, 105(4): 1118-1123.

12. G. Palla, I. Derényi, I. Farkas, et al. Uncovering the overlapping community structure of complex
networks in nature and society. Nature, 2005, 435(7043): 814-818.

13. A. Lancichinetti, S. Fortunato, J. Kertész. Detecting the overlapping and hierarchical community
structure in complex networks. New Journal of Physics, 2009,11(3): 033015.

14. S. Gregory. Finding overlapping communities in networks by label propagation. New Journal of
Physics, 2010, 12(10): 103018.

15. Y.Y. Ahn, J.P. Bagrow, S. Lehmann. Link communities reveal multiscale complexity in networks.
Nature, 2010, 466(7307): 761-764.

16. C. Lee, F. Reid, A. McDaid, et al. Detecting highly overlapping community structure by greedy
clique expansion. arXiv preprint arXiv, 2010:1002.1827.

17. J. Xie, B.K. Szymanski. Towards linear time overlapping community detection in social networks.
Advances in Knowledge Discovery and Data Mining, 2012, 7302:25-36.

18. Y. Li, G. Liu, S. Lao. Overlapping community detection in complex networks based on the
boundary information of disjoint community. Proceedings of the 25th Chinese Control and
Decision Conference (CCDC), 2013: 125-130.

19. X. Fu, L. Liu, C. Wang. Detection of community overlap according to belief propagation and
conflict. Physica A: Statistical Mechanics and its Applications, 2013, 392(4): 941-952.

20. C. Shi, Y. Cai, D. Fu, et al. A Link Clustering based Overlapping Community Detection Algorithm.
Data & Knowledge Engineering, 2013,87: 394-404.

21. Q. Chen, T.T. Wu, M. Fang. Detecting local community structures in complex networks based on
local degree central nodes. Physica A: Statistical Mechanics and its Applications,
2013,392:529-537.

22. F. Luo, J.Z. Wang, E. Promislow. Exploring local community structures in large networks. Web
Intelligence and Agent Systems, 2008, 6(4): 387-400.



23. N.P. Nguyen, T.N. Dinh, D.T. Nguyen, et al. Overlapping community structures and their
detection on social networks. 2011 IEEE third international conference on Privacy, security, risk
and trust (passat) and 2011 IEEE third international conference on social computing (socialcom),
2011: 35-40.

24. http://cfinder.org/.
25. L. Pan, C. Dai, C. Wang, et al. Overlapping Community Detection via Leader-based Local

Expansion in Social Networks. IEEE 24th International Conference on Tools with Artificial
Intelligence. 2012 :397-404.

26. A. Lancichinetti, S. Fourtunato, F. Radicchi. Benchmark graphs for testing community detection
algorithms. Physical review E, 2008, 78(4):046110.

27. A. Lancichinetti, S. Fortunato. Benchmarks for testing community detection algorithms on directed
and weighted graphs with overlapping communities. Physical review E, 2009, 80(1):016118.

28. http://www-personal.umich.edu/~mejn/netdata/.
29. http://www.cs.bris.ac.uk/~steve/networks/copra/.
30. M.E.J. Newman. Finding community structure in networks using the eigenvectors of matrices.

Physical review E, 2006, 74(3): 036104.
31. H. Shen, X. Cheng, K. Cai, et al. Detect Overlapping and Hierarchical Community Structure in

Networks. Physica A: Statistical Mechanics and its Applications, 2009,388(8):1706-1712.


