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to multiple social groups such as scientific activities, family,
friends, and hobbies. Driven by this, overlapping community
detection has gained increasing interests, and it aims to
discover communities that are not necessarily disjoint [6],
[7], [8].
Most of the community detection methods attempt to
partition the entire network into a certain number of crisp
or overlapping communities. This “partitioning” view of
community detection is often impropriate, since a real-life
network might probably contain lots of nodes that have weak
connections to the communities. In such cases, these partitioning models typically split up weakly connected nodes
and group them together with tight communities, which
finally impedes us from finding the genuine communities.
Recently, the concept of community extraction [9], [10] is
proposed to deal with the dilemma of the partitioning view. It
aims to extract genuine communities by dropping the weakly
connected and unimportant nodes. However, community
extraction has been implicitly adopted by many overlapping
community detection methods, such as CPM [6], Link [7],
GCE [11], MOSES [12], etc. They often discover communities by expanding/merging seed communities (e.g., clique).
So, not all nodes are included into cliques, which leads to
the fact that the resulting communities cannot cover all of
nodes in the network.
This paper explores the overlapping community extraction
from a link partitioning perspective. The community of links
is preferable to that of nodes since the link is likely to have
a unique position whereas the node tends to have multiple
positions [7]. Moreover, with disjoint link communities, it
is easier to restore the membership of every node owing to
its links. In this paper, a bottom-up strategy is proposed for
extracting link communities. That is, we start by defining the
local link structure composed of a set of closely interrelated
links, by extending the similarity of link-pairs to that of
a group of links. Based upon our prior work [10], [13],
we transform the problem of mining local link structures
into a pattern mining problem, and thus present an efficient
mining algorithm. To discover disjoint link communities,
we propose to use the hypergraph to assemble all local

Abstract—Real-world networks often contain communities
with pervasive overlaps such that nodes simultaneously belong
to several groups. Community extraction, emerging in recent
years, is considered to be a promising solution for finding
meaningful communities from social networks. In this paper,
we explore overlapping community extraction from a link
partitioning perspective. First, we define the local link structure
composed of a set of closely interrelated links, by extending
the similarity of link-pairs to that of a group of links. Second,
based upon our prior work, we transform the problem of
mining local link structures into a pattern mining problem,
and thus present an efficient mining algorithm. Third, we
propose to use the hypergraph to assemble all local link
structures, and employ hMETIS for hypergraph partitioning.
Finally, based on extracted link communities, we restore the
membership of nodes in the original graph owing to its
links. Experimental results on various real-life social networks
validate the effectiveness of the proposed method.
Keywords-Social Network; Overlapping Community Extraction; Link Partitioning; Local Structure; Hypergraph

I. I NTRODUCTION
The last decade has witnessed a great deal of Web
applications exhibiting social elements reported in people’s
daily life. Social computing introduces a novel dimension
to the Web that goes beyond connecting HTML pages,
resources, services, etc, but emphasizes on connecting users.
Such major shift in developing Web applications permits to
accommodate users’ needs, requirements, and relationships
better. Despite the big challenge to integrate social computing with services computing, some research have been
undertaken towards this direction [1], [2].
A network community typically refers to a tightly-knit
group of actors with many connections between the group
members and relatively few connections between groups.
Particularly, network communities exhibit specific semantics
in different contexts such as people share common interests
and keep more contacts, or clusters of HTML pages/Web
Services related to common topics/functions. There have
been a great deal of efforts devoted to community detection,
including both disjoint and overlapping communities [3],
[4], [5]. In real life, a person commonly has connections
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Step 2: assembling every local structures to form a link
hypergraph and thus partitioning the link hypergraph to
identify the unique position of every link.
• Step 3: restoring fuzzy membership of nodes according
to their links.
Example. Fig. 1 shows the three steps of our procedure
in a simple graph. Step 1 mined five local link structures,
as shown in upper-right table of Fig. 1. A link hypergraph
and its partitions are then generated in Step 2. In Step 2,
by restoring membership back to the original graph, three
communities are identified with overlap at node #4. Note that
link e9,10 has not been included by any local link structure,
which leads to removal of the weak-tie node #10 from all
communities.
•
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Figure 1: The procedure overview.

III. L OCAL L INK S TRUCTURES M INING
This section will focus on the Step 1 of our method:
local link structures mining. We firstly present the definition
and its implications of local link structures, and then briefly
introduce algorithmic details of CoPaMı̈, a novel FP-growthlike [17] C Osine PAttern M Ining algorithm [10], [18].

link structures, and employ hMETIS [14] for hypergraph
partitioning.
The remainder of this paper is organized as follows. In
Section II, we introduce some preliminaries on overlapping
community extraction and an overview of our method. In
Section III, we define the local link structure and propose the
mining algorithm. In Section IV, we present the definition
and partitioning method of link hypergraph, and membership
translation based on link communities. Experimental results
will be given in Section V. We summarize the related work
in Section VI, and finally conclude this paper in Section VII.
II. P RELIMINARIES

AND

A. Definition and the Beyond
In the literature [7], a hierarchical clustering with a
similarity between links was used to build a dendrogram,
and thus link communities were extracted by cutting this
dendrogram based upon the heuristic metric named partition
density. Each node inherits all memberships of its links and
can thus belong to multiple communities. So, to define the
similarity of a link pair becomes the fundamental issue. Let
epr denote a link connecting nodes ip and ir (i.e., impost
nodes). Given links epr and eqr sharing a node ir (i.e.,
keystone), the the Jaccard index can be defined as [7]
#
|Np Nq |
!
Jaccard(epr , eqr ) =
,
(2)
|Np Nq |

OVERVIEW

Given a network or graph G = {V, E}, V is a set of n
nodes and E is a set of m edges. In this paper, we limited our
scope to the unweighted network which is often determined
by a n × n adjacency matrix A = [Apq ], where Apq = 1
(p ̸= q) if there is an edge between node ip and iq and 0
otherwise. The goal of overlapping community extraction is
to seek a good K-way fuzzy partition π =
! {C1!, · · · , CK },
where Ck′ is the k ′ th community, and C1 · · · CK ⊆ V .
A n×K membership matrix U = [upk′ ] is used to represent
multiple positions of every node. More formally,

0 ≤ upk′ ≤ 1, ∀Ck′ ∈ π,

K
"

upk′ = 1 ∀ip ∈ V.

where Np is the set of neighbors (i.e., friends) of ip .
This definition indicates that the similarity of link pairs is
irrelevant to the keystone but only depends on the set of
impost nodes.
In this paper, we use the cosine as similarity measure
instead of the Jaccard index. The reason lies in that cosine holds the so-called Ordered Anti-Monotone Property
(OAMP) [10], [18] which gives birth to a high-efficient
algorithm for mining local link structures. We define the
cosine similarity between epr and eqr as
#
|Np Nq |
$
.
(3)
cos(epr , eqr ) =
|Np ||Nq |

(1)

k′ =1

Recently, some attentions have been paid to overlapping
community detection based on link clustering [7], [15],
[16], of which the underlying assumption is the link has a
unique position whereas the node naturally occupies multiple
positions owing to its links. Along this line, the proposed
method consists of three main steps.
•

Furthermore, Eq. (3) can be naturally extended to multiple
links case. Let h = {e1r , · · · , e|h|r } be a link set of which
the keystone is ir . The cosine of h is defined by

Step 1: mining local structures each of which is composed of a set of closely interrelated links.
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cos(h) =

#
#
|N1 · · · N|h| |
%&
.
|h|
|h|
|N
|
p
p=1

Algorithm 1 CoPaMı̈

(4)

1: Create the FP-tree T ree for transaction data D;
2: Let S store the current suffix, S ← ∅;
3: Let S store the cosine patterns (i.e., core close-knit structures), S ← ∅;
4: procedure CP-GROWTH(T ree, X, t∗s , t∗c , S)
5:
for each item ik from bottom to top in T ree’s head table do
6:
generate candidate pattern S ′ ← {ik } ∪ S;
7:
if cos(S ′ ) ≥ t∗
◃ cos(S ′ ) = 1 if |S ′ | = 1
c then
8:
S ← Sc ∪ {S ′ };
9:
create the conditional FP-tree T reeS ′ for S ′ ;
∗
10:
CP-GROWTH(T reeS ′ , S ′ , t∗
s , tc , S);
11:
end if
12:
end for
13:
return S;
14: end procedure

If cos(h) ≥ t∗c where 0 ≤ t∗c ≤ 1 is a predefined
threshold, all links in h are closely interrelated. We further
note that the link similarity is actually determined by the
set of impost nodes. For example, h can be constructed
by the set of impost nodes S = {i1 , · · · , i|h|} which is a
close-knit group of nodes in essence. To understand this,
let t∗c = 1 which means N1 = · · · = N|h| , and thus S are
equivalent structures [19]. As t∗c increases, the impost node
set S becomes looser than the equivalent structure, but S is
still a close-knit structure w.r.t. t∗c .
Since a local link structure h is essentially determined
by the set of impost nodes S, if all of such sets S =
{S| cos(S) = cos(h) ≥ t∗c } in graph G are mined, the set of
local link structures H = {h| cos(h) ≥ t∗c } can be derived
by expanding links between impost nodes and keystones.

measure. This alternative property is named Ordered AntiMonotone Property (OAMP) which is defined as follows:
Definition 2 (OAMP). Let I be a universal itemset. A measure M holds the Ordered Anti-Monotone, if ∀ S, S ′ ⊆ I,
given that (1) S ⊆ S ′ , and (2) if S ′ \ S ̸= ∅, ∀ ip ∈ S and
ip′ ∈ S ′ \ S, s({ip }) ≤ s({ip′ }), we have M (S) ≥ M (S ′ ).
Definition 2 implies that OAMP can be regarded as a
special case of AMP. That is, a measure possessing AM
certainly holds OAMP, such as the support measure; but the
reverse is not true — cosine similarity is just an example.
Compared with the well-known AMP, OAMP demands an
extra condition that all the items in the difference set (S ′ \S)
must have higher supports than the items in the subset (S).
We then have the following theorem:

B. Algorithm Design
Consider the mining problem of the impost node sets S.
Somewhat to one’s surprise, this mining task can be proven
to be equivalent to cosine interesting pattern mining in the
realm of traditional association rule analysis. To understand
this, we first represent the network G using the transaction
model as D, where each line corresponds to a node and items
in this line are its neighbors, i.e., ∀Tp ∈ D, Tp = Np . A
formal definition for the cosine interesting patterns (itemsets)
can be given as follows [18]:

Theorem 1. Cosine similarity holds the ordered antimonotone.
Due to the limited space, we remove the proof and
refer the readers for details in [10]. We here present the
pseudocodes of CoPaMı̈ in Algorithm 1, and provide some
briefly explanations. Note first that to utilize the OAMP of
the cosine measure, CoPaMı̈ demands the FP-tree to be built
on transactions with items sorted in a support-descending
order. It is also noteworthy that CP-growth no longer distinguishes between single-path trees and multi-path trees,
which were however treated differently in the classic FPgrowth procedure. In FP-growth, when a conditional FP-tree
is a single-path tree, FP-growth can simply enumerate all the
node combinations as frequent itemsets without further subtree projections. This should be attributed to the powerful
AMP. However, since the cosine measure only possesses
OAMP, CP-growth has to continue the sub-tree projection as
for the multi-path trees, although in a much simpler manner
— a single-path tree will be always projected to a single-path
sub-tree. The pseudocodes in Line 10 of Algorithm 1 are for
the sub-tree projections, for both single-path and multi-path
trees.
Each cosine pattern forms the backbone of a local link
structure. The Algorithm 2 is then invoked for link expansion. Generally, two kinds of links associated with a

Definition 1 (Cosine Interesting Patterns). Let D be a
transaction database over a universal itemset I, min supp
be the minimum support threshold, and min cos be the minimum cosine threshold. The collection of the cosine interesting patterns in D w.r.t. min supp and min cos are defined
by F (D, min supp, min cos) = {X ⊆ I|supp(X) ≥
min supp, cos(X) ≥ min cos}.
|N

!

···

!

N

|

In the realm of social networks, supp(S) = 1 n |h|
indicates the proportion of common friends (i.e., neighbors)
in S. Moreover, if we set min supp = t∗s = 0 and
min cos = t∗c , mining S is equivalent to mining cosine
interesting patterns in Definition 1. Therefore, each impost
node set S ∈ S is a cosine pattern in essence.
An efficient algorithm named CoPaMı̈ for mining cosine
patterns was presented in [10], [18]. One of the distinguished
features of CoPaMı̈ can employ the cosine measure work
as support to prune uninteresting itemsets in advance. As
is known, the anti-monotone property (AMP) held by the
support measure determines it can be leveraged to reduce
the search space of frequent patterns. However, the cosine
measure does not hold the AMP. Fortunately, we found
an alternative to AMP for employing cosine as a pruning
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Table I: Real-world networks for experiments.

Algorithm 2 Link Expansion

Name
LesMis
Google
Protein
Words

1: Let H store local link structures derived from S;
2: procedure L INK(A, S)
3:
for each element Sj in S do
4:
Find all keystones of Sj , denoted
" as Rj ;
"
5:
∀Apq = 1, ip ∈ Sj , iq ∈ Sj Rj , hj = hj epq ;
6:
end for
"
7:
return H = j hj ;
8: end procedure

|V |
77
944
2614
7194

|E|
254
1611
6379
31771

<k>
6.60
3.24
4.88
8.83

1.4

Qov
CC

1.2

cosine pattern should be expanded. That is, links within
the pattern, and links between keystones and every node.
Given a cosine
S, the number of keystones is
# pattern
#
σ(S) = |N1 · · · N|h |, i.e., S’s support count. Therefore,
besides the inner edges in S, there are σ(S) · |h| links
between keystones and every node.

C
0.736
0.570
0.299
0.206

1
0.8
0.6
0.4
0.2

IV. L INK H YPERGRAPH PARTITIONING
Given a large number of resulting local link structures,
one problem is arising. That is, how can we easily merge
adjacent/relevant link structures to obtain a set of crisp link
communities? The link graph [15], [16] is a potential model
for helping to identify link communities. Each node of a
link graph is an edge of the original graph, and nodes are
connected if the corresponding links in the original graph are
connected through some node. Obviously, the link graph can
only capture interrelated link-pairs. However, the local link
structure in this paper contains a set of interrelated links.
So, it is naturally to extend common graph to hypergraph
for assembling local link structures.
In mathematics, a hypergraph is a generalization of a
graph in which an edge can connect any number of vertices.
So the hypergraph is a natural choice for assembling local
link structures to form a generalized link graph. More
precisely, we define link hypergraph as follows.

0 F G ML O
Lesmis

F G ML O
Google

F G ML O
Protein

F G ML O
Words

Figure 2: Overall performance comparison.
the unique position of every node in hypergraph, i.e., link
in the original graph, can thus be identified. Hypergraph
partitioning is an important problem attracting a great many
attentions from numerous areas, including VLSI design,
transportation management, and data mining. In this paper,
we employ the software package hMETIS [14] for partitioning the link hypergraphs.
Membership Translation. Most fuzzy community methods require membership weights quantifying how strongly
a node belongs to a particular community. This final step
restores the membership of a node from the result of link
partitioning. Simply, the membership of a link is mapped
to that of its endpoints. A fuzzy community membership of
a node can be computed by counting the number of link
membership a node has.

Definition 3 (Link Hypergraph). A link hypergraph HG =
{E ′ , H, ω}. E ′ is the set of vertices, and it is a subset of
edge set in the original graph G = {V, E}, i.e., E ′ ⊆ E.
H is the set of hyperedges and ω is the weight of every
hyperedge. Each hyperedge hj ∈ H corresponds to a local
link structure, and all of edges of G in hj are regarded as
vertices in HG and they are connected by hj . The weight
of the hyperedge hj is the cosine similarity of this local link
structure, i.e., ωj = cos(hj ).

V. E XPERIMENTAL VALIDATION
In this section, we present experimental results on
four real-world networks including LesMis, Google,
Protein and Words. Some characteristics of these data
sets are shown in Table I, where |V | and |E| indicate the
numbers of nodes and edges respectively in the network,
< k >= 2|E|/|V | indicates the average degree, and C
indicates the average clustering coefficient. LesMis is the
network of coappearances of characters in Victor Hugo’s
novel, where nodes represent characters and edges connect
any pair of characters that appear in the same chapter
of the book. Google is a directed graph where each
node represents Google web pages. Protein describes the
protein-protein interactions. Words is a network collected
by participants who wrote the first word that came to mind
that was associated to the given word.

Example. We can also use the toy example in Fig. 1 to
illustrate the link hypergraph. Five local link structures are
mined from the original graph. A link hypergraph is then
constructed as shown in the bottom-right of Fig. 1, and it
contains five hyperedges h1 to h5 . Specifically, h1 , h2 and
h3 were coupled together and totally connected six vertices.
h4 and h5 formed two separate parts, and each of them
connected three vertices.
Hypergraph Partitioning. Then, the problem is how to
partition the link hypergraph into K disjoint parts, and
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Figure 3: The impact of K.
A. Comparison Results

where |Np | is the degree of node ip , and upk′ is the membership of node ip in the community Ck′ . The value of Qov
is in the interval: (-1,1), and a larger value indicates a better
quality. For the coverage factor, we employ community
coverage (CC in short) presented in [7]. To compute CC,
we simply count the fraction of nodes that belong to at least
one community. Thus, a larger CC implies more nodes are
extracted as community members.
Results. Fig. 2 shows Qov + CC values of five methods
on four real-world networks. For our method, the best
results were reserved after trying different K values . As
can be seen, our method shows the best Qov in every
network, which implies the quality of overlapping communities discovered by our method is higher than other
tools. Meanwhile, indicated by CC, our method extracts
much more nodes in most networks, except on Words.
Overall, this result demonstrates that our method can extract
high-quality communities for a large fraction of real-world
networks.
An important parameter, the number of communities K, is
fixed by other four tools, since K is commonly determined
by the pre-defined seed structures and the merging rule. For
instance, CFinder mined a certain number of k-cliques as
seeds, and then merged adjacent k-cliques sharing k − 1
nodes, which causes K is out of control. Similar cases happened in Link, GCE, and MOSES. We therefore investigate
the impact of the parameter K in our method. As can be seen
from Fig. 3, our method is more stable than other tools such
that at least two points are higher than the best one among
four tools in every network. Meanwhile, the gap narrows
in the small network LesMis but becomes wider in the
other three large networks. Interestingly, we observed that
the ranking of selected four tools varies largely as different
networks, which implied they are more network-dependent.
What about the overlapping degree of identified communities? To answer this, we compare overlapping communities
discovered by five methods on two cumulative distributions. Let S ov denote the overlap size between any two
communities, and m be the number of communities that

Other Tools. Four overlapping community detection tools, i.e., CFinder (F) [6], Link (L) [7], GCE (G) [11], and
MOSES (M) [12], were used in the experiments for the purpose of comparison. Note that the existing overlapping community detection methods were roughly categorized into four
classes [4] (e.g., clique percolation, link partitioning, local
expansion and optimization, and fuzzy detection). From this,
we carefully selected these four tools, as is, one tool from
one category. In particular, CFinder (http://www.cfinder.org/)
is the implementation of the clique percolation method (CPM) [6], of which the unique parameter k indicates the size of
seed k-cliques. We set k=4 in the experiment. Link method
(https://github.com/bagrow/linkcomm) employs hierarchical
clustering to build a link dendrogram and then cut this dendrogram according to the partition density D [7]. We report
the result of link method with the maximum D for each
network. Similar to CFinder, GCE (https://sites.google.com/
site/greedycliqueexpansion) also mines k-cliques as seeds
and expands each seed to a community until the predefined
fitness function is locally maximized [11]. So, k=4 is also
the default setting. MOSES (https://sites.google.com/site/
aaronmcdaid/moses) combines the stochastic block model
and the local optimization scheme for fuzzy detection [12],
and one advantage of MOSES is no parameters are required
as input. For our proposed method (O), we set t∗s = 2 and
t∗c = 0.5, and K varies with different networks.
Evaluation Metrics. When the ground-truth community
is unknown, we utilize two factors, i.e., quality and coverage,
together to evaluate the performance of identified communities. For the quality factor, the modularity is one of the most
widely-used measures [4], [3]. Thus, we adopt overlapping
modularity Qov as the validation measure. It is computed as
follows:

Qov =

K
1 "
2|E| ′

"

k =1 p,q∈Ck′

[Apq −

|Np ||Nq |
]upk′ uqk′ ,
2|E|

(5)
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7
t∗=0.5

Execution Time (seconds)

6
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Figure 4: The cumulative distribution of S ov .
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Figure 6: The efficiency for mining local link structures.
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Figure 7: Sampling communities from the Word network.
a node belongs to. We construct two cumulative distribution
functions P (S ov ) and P (m) indicating the proportion of
variables that are larger than S ov and m, respectively. Note
that these two functions were also used in [6], [7] to examine
the overlapping degree of communities.

B. Qualitative Evaluation
The Qov and CC only give us a general picture about
the performance of community detection. For some complex
networks, such as Words network, a high Qov but low CC
is not enough to show the identified communities are truly
meaningful. For that, we here sample several communities
from Words to observe their semantics. We set K = 60
to obtain relatively smaller communities, and sampled six
communities as shown in Fig. 7.
We can find from Fig. 7 that words in the same community are closely-related with a certain topic. According to
that, we named six communities as “Sea Beach”, “Marine
Organisms”, “Wine”, “Repast”, “Shopping” and “Drawing
& Painting”. Especially, the overlapping nodes are marked
as dark brown larger circles. The semantic meanings of these
overlapping nodes are apparently explainable. For example,
“water” belongs to “Sea Beach” and “Wine” communities, and “money” belongs to three communities including
“Repast”, “Shopping” and “Drawing & Painting”. More
interestingly, if we were asked to recommend something
related to “money”, things in “Repast” community are more
suitable according to the size of communities, since food is
always a major concern of anyone.

Fig. 4 and Fig. 5 depict P (S ov ) and P (m) of five tools on
two networks Words and Protein. Overall, our method
can successfully capture multiple relationships and a great
deal of overlap. One exception occurred in Fig. 5(a), that
is, P (m) of our method on Words is obviously low. This
is because our method only extracted a small portion of
core nodes, i.e., a lower CC value. However, P (S ov ) of
our method on Words is much higher, which implies overlapping nodes are concentrated in some few communities.
Finally, we investigate the efficiency of our method which
mainly consists of two phases: local link structures mining and hypergraph partitioning by using hMETIS. Since
the multilevel hypergraph partitioning algorithm used in
hMETIS is quite efficient, we here show the efficiency for
mining local link structures. Fig. 6 depicts the results on four
networks by setting t∗c =0.5, 0.55, and 0.6 respectively. In
general, our method is rather high-efficient (e.g., less than 7s
for all networks), which reflects the powerful pruning effect
of cosine similarity in CoPaMı̈. Obviously, the higher t∗c is,
the faster the execution time is. We leave for further research
on applying our method towards super-large scale networks.
Though the scale of Google is moderate, it consumed the
most execution time among four networks. This is due in
large part to the sparsity of Google network.

VI. R ELATED W ORK
Community detection is a ceaselessly fundamental problem in network science. There have been a large body of
existing work dealing with disjoint community detection.
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communities by using a bottom-up strategy and hypergraph
partitioning method. We start by extending the similarity
of link-pairs to that of a group of links in order to define
the local link structure. Thus, mining local link structures
were transformed into a pattern mining problem, and an
FP-growth-like mining algorithm was presented. Given a
large number of local link structures, we propose to use the
hypergraph to assemble all local link structures, and employ
hMETIS for hypergraph partitioning to discover disjoint link
communities. Experimental results on four real-life networks
demonstrated that our method outperformed the state-ofart methods on the quality of identified communities while
reserving comparable community coverage. In particular, the
semantics of extracted communities shows our method can
extract meaningful communities with rational overlapping
nodes.

Most of these studies can be classified into two main
categories, in terms of whether or not explicit optimization
objectives are being used. The methods with global models
typically consider the global topology of a network, and
aim to optimize a criterion defined over a network partition.
Some methods along this line include the Kernighan-Lin
algorithm [20], latent space models, stochastic block models, modularity optimization [21], and traditional clustering
techniques such as K-means, multi-dimensional scaling, and
spectral clustering. The differences between these methods
ultimately come down to the precise definition of a “denser”
community, i.e., the global criterion and the algorithmic
heuristic followed to identify such sets.
The methods without global models typically employ a
bottom-up strategy to find communities. They often start by
defining the properties of a node, a pair of nodes, or a group
of nodes in a same community, and then search within a
whole network for the communities that hold the proposed
properties [22]. A network’s global community structure
is detected by considering the ensemble of communities
obtained by looping over all of these local structures. A
community could be regarded as a clique, a k-club, a
quasi-clique, or the combination of node pairs that have
nodes similar to each other [19]. Our method falls into this
category, i.e., a bottom-up strategy without global models,
but it aims to discover link communities instead.
Due to the pervasive overlaps among communities in reallife network, there is therefore a clear need to develop overlapping community detection/extraction methods. According
to the latest review [4], methods for overlapping community
detection roughly fall into four categories, i.e., clique percolation, link partitioning, local expansion and optimization,
and fuzzy detection. Clique percolation originated from
CPM (e.g., CFinder) [6], though several extension on CPM
have appeared including CPMw [23] and SCP [24]. Ahn
et al. first proposed the idea of link partitioning [7], after
which many methods were developed along this line [16],
[25]. Local expansion and optimization algorithms usually
used close-knit structures as seeds, and then expanded them
based on a local benefit function. There are many methods
of this kind including GCE [11], LFM [8], EAGLE [26],
OSLOM [27], etc, among which GCE is the most famous
one. Fuzzy detection is similar to fuzzy c-means (FCM),
which modeled the problem as an optimization problem and
solved it to obtain a soft membership vector for every node.
Lots of matured models were used in fuzzy detection. For
instance, FCM was used in [28], mixture models were used
in [29], non-negative matrix factorization was used in [30],
[31] and the stochastic block model (SBM) was used in [32].
MOSES is a tool based on SBM.
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