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Many clustering algorithms are in favour of node-based methods, but a link between nodes has one single feature, so link-based
clustering is sometimes easier than node-based methods. Being dependent on the characteristics of links, a detection algorithm for
a non-overlapping link community is put forward in this paper. Te method proposed also distinguishes the diferences between
nodes with a high degree of accuracy and detects communities with a minimal number of overlapping nodes. On the basis of three
diferent datasets, experiments were conducted to compare the proposed algorithm with diferent non-overlapping and over-
lapping clustering algorithms, and the results show that our algorithm generates the least number of overlapping nodes and
achieves a good community partition.

1. Introduction

Community detection [1–3] is used to divide datasets into
several communities based on the relationships among
users, from which the network structure can be identifed
and the functional roles of users can be analyzed. Over-
lapping community detection algorithms unfold as follows
[4–7]: Te clique percolation method is executed, clique
expansion, local ftness maximization, rough set theory,
graph clustering, and so on. Most existing clustering tech-
niques have focused on topological structures based on
various criteria, including normalized cuts, molecularity,
structural density, and stochastic fows or cliques [8, 9]. In
general, the kernel of those algorithms mentioned above is
the performance of clustering on the basis of the similarities
between nodes or topological structures; they classify nodes
with common attributes or characteristics into the same
clusters. Tere are many research studies about clustering,
but most of them are in favour of node-based methods.

Node-based methods [10–12] envisage that the strong
ties are formed between nodes when there is a high prob-
ability of forming triads through diferent types of

relationships. Notice that nodes belong to multiple groups,
but links are existent for just one dominant reason (e.g., two
people linked work together or have common interests),
which means that links that occupy unique clusters and
nodes naturally account for multiple clusters as a result of
their links.

Te idea of link communities has been proposed in-
dependently by a number of authors in both physics [13] and
machine learning literature [14, 15]. It is used to create
communities when there are diferent types of edges in an
ego network [16]. Although clustering links is a much more
fexible and simpler approach than clustering nodes for
edges that occupy a unique feature and nodes that occupy
multiple features due to their links, the work on link
community construction is obviously lacking.

Tere are two main difculties in detecting communities
from ego-network [17]: First, the number of communities in
a given network is unknown, which is the usual drawback of
many algorithms because they do not have valid criteria for
measuring the community structure. Two, nodes belong to
more than one community, which means overlapping
community structures exist in complex networks. Te
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proposed link clustering method can be used to solve these
problems well. Non-overlapping link clustering is used in
this paper to achieve overlapping node clustering when all
links of a node belong to one cluster. Tis is followed by
classifying the node to this cluster or, otherwise, classifying it
under the several corresponding clusters. Problems can be
simplifed by converting the analysis objects from nodes to
links, and link-based approaches are good.

Te remainder of this paper is organized as follows:
Section 2 proposes the concrete implementation strategy
and algorithm description in detail. Section 3 introduces the
experimental results. Section 4 states the conclusions of
research achievements. Section 5 states the compliance with
ethical standards.

2. Non-Overlapping Link Clustering

Assumption 1. Any two reachable nodes that are indirectly
linked in a graph have a certain probability of being directly
connected under some external promptings.

Although social networks contain vast amounts of data
that are produced by users, there is not enough available
information about single users or single phenomena. To
cope with the data sparseness problem, we need to enrich
knowledge reserves and expand the network structure by
adding implicit edges according to Assumption 1.

If nodes a and b are linked together and nodes b and c are
linked together, but nodes a and c are not linked, then the
conclusion that nodes a and c will never be directly asso-
ciated with each other at any time in the future is incorrect.
Te non-linked nodes only indicate that the existing envi-
ronment does not meet the conditions necessary to generate
a direct connection, and those nodes may be linked im-
mediately by some driving forces. Terefore, the probabil-
ities of linking the centre node with the reachable and non-
adjacent nodes need to be computed, after which valuable
information can bemined by fnding implicit edges to enrich
knowledge about the centre node.

2.1. Strong Tie Detection. Tere are various types of nodes in
heterogeneous networks, and the ways of linking a node with
others are also diferent and embodied by the types of links
(directed or undirected). For instance, if the connection is
built by following or being followed methods, then the edge
is one-way; if the connection is built by common interests,
then the edge is bidirectional. When analyzing the char-
acteristics of the complex network for a particular object,
this object is set to be the centre node of the social network.

Defnition 1 (egoNet): A network that sets the analyzed
object as the centre node (denoted as ego) is called egoNet.
Te presentation format is <N, E, W>, where N is the set of
nodes representing the members of the egoNet, E is the set of
edges denoting the complex relationships, andW is the set of
weights signifying the connection strengths between the ego
and other nodes.

Te nodes in egoNet have certain connection and de-
scribe some features of the ego. In addition, the analysis of
the ego node does not need to study all nodes in the network.
Terefore, the egoNet is used for processing and analyzing a
particular problem or phenomenon.

Defnition 2 (positive edge): e0 is the ego in a directed path,
and the edge that has the same direction as one of the point-
out edges of e0 is called the positive edge, such as
<e0⟶ e1⟶ e2⟶ . . .⟶ en>.

Defnition 3. e 0 is the ego in a directed path, and the edge
that has the same direction as one of the point-in edges of e0
is called a negative edge, such as <e0← e1← e2← . . .← en>.

If one is just analyzing adjacent nodes, then a partial
conclusion will be drawn. Terefore, it is essential to
compute the probability of establishing a connection be-
tween the ego and its reachable and indirectly linked nodes
and fnally replenish the structure of the network by placing
edges between the nodes of high probability of connection.

Edges can be analyzed on the basis of the distribution of
interests or behaviour trajectories to determine the con-
nection strengths among nodes. User-item matrix A is built
by analyzing the level of user’s attention to diferent items,
where αi � {αi1, αi2, . . ., αir}∈A is the ith row vector of the
matrix, and αic represents the amount of time user i focuses
on item c. For the convenience of data comparison among
diferent users, αic should be normalized by the sum of all the
members in αi. Te calculation formula is the following:

eic �
αic


r
k�1 αik

, (1)

where eic∈ (0, 1) represents the degree of attention user i pays
to item c. Supposing that an edge exists between nodes p and
q due to the common interest in item c, the formula for
calculating the linkage intensity is the following:

ωpq � 1 − exp −epc × eqc . (2)

Supposing multiple interrelationships exist between
nodes a and b, the probability of constructing a direct
connection is infuenced by two factors (Node a is the ego):
frst, the shortest-path between nodes a and b, and second,
the strength of the tie between Node a and the nodes in the
shortest path from a to b.

2.1.1. Te Impact of Factor 1. Te more intermediate nodes
in the shortest path from a to b there are, the less likely it is
that a link will be constructed between them. Terefore, we
use t(1− t)l to express the infuence of the length of the
shortest path on the probability of linking the nodes at the
ends of the path, where parameter t is the declining factor of
the establishment of a direct interrelation, and l is the
number of nodes in the shortest path.
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2.1.2. Te Impact of Factor 2. Because Node a is the ego, the
analysis of whether a connection will be generated is focused
on the ego, that is, it is used to test whether Node a will be
linked to other nodes. Te algorithm proposed in this paper
can handle both undirected and directed graphs. In practice,
the situation of a directed graph is more complex than that of
an undirected graph. Terefore, it is necessary to pay at-
tention to the direction of each edge in the shortest path.

w(x, y) � 
k

ρf(x,y)
× ωc(c+1), (3)

where w is the probability of generating a direct interrelation
between nodes x and y, ρ is the impact of a negative edge on

generating a positive edge from a to b, and f(x, y) judges
whether a negative edge exists in the shortest path from
nodes x to y. Due to the multiple relations between the nodes
in the complex network, many homogeneous or heteroge-
neous edges among nodes may exist, so it is essential to
accumulatively calculate the infuence of each edge on the
probability. It can be seen that the probability of linking the
start node and the end node in the path is the product of the
probability of linking each pair of the adjacent nodes because
the intermediate nodes have the same degree of infuence on
the fnal result. Te formula is as follows:

L � 
end−1

c�start

k

w(c, (c + 1))⎛⎝ ⎞⎠ � 
end−1

c�start

k

ρf(c,(c+1))
× ωc,(c+1)

⎛⎝ ⎞⎠. (4)

By integrating the above two factors, the fnal formula of
the probability of placing a link between two reachable nodes
with multiple relations is the following:

P � t(1 − t)
l



end−1

c�start

k

ρf(c,(c+1))
× ωc(c+1)

⎛⎝ ⎞⎠. (5)

Terefore, the formula for calculating the probability of
establishing direct ties among nodes is as follows:

f(v, w) �
1, 1 Rdirec(v,w)�1{ },

0, else,


sij � t(1 − t)
l


j−1

c�i


k

ρf(c,(c+1))
× ωc(c+1)

⎛⎝ ⎞⎠1 path(i,j)�1{ }, 0, 1 path(i,j)�0{ }.
⎧⎪⎨

⎪⎩

(6)

1fn1{.} is the Heaviside function that yields 1 if the ar-
gument is logically true and 0, otherwise. Rdirec (v, w) tests
whether negative edges exist between nodes v and w (the
direction from v to w is positive), which returns 1 if it exists
and 0, otherwise. Function path (i, j) judges whether there is
a pathway between nodes i and j, regardless of the nature of
the edges. ρ is the impact factor of negative edges in gen-
erating an edge from Node v to Node w. t is a diminishing
intensity parameter, while l is the length of the shortest path
between nodes i and j. Terefore, the longer l is, the smaller
the connection is. k is the number of diferent relationships
between nodes i and j. ωpq is the weight of the edge between
nodes p and q. Sij is the probability of establishing direct ties
between nodes i and j.

2.2. Linking Probabilities Prediction. Starting from the ego,
the egoNet can be traversed through by the directions of
edges. For instance, <ego, e1, e2, . . ., en> is one of the tra-
versal results generated by a certain direction from the ego. If
the strength of the link between ei (1≤ i≤ n) and the ego is

bigger than thresholdΘ, then the edge can be added when ei
is indirectly linked to the ego. If the strength is smaller than
Θ, then the traverse is terminated.

Tis paper only deals with the probability of establishing
a direct tie between the ego and its indirectly connected
nodes and complements edges with high probability, by
which the optimal result can be achieved with the minimal
computational complexity by just focusing on the ego.

Figure 1(a) presents the strengths of the links between
diferent nodes (note: direct and indirect edges in the graph
represent diferent kinds of connection). Figure 1(b) is
achieved by analyzing Figure 1(a), and the weights of nodes
are calculated on the basis of the strengths of links.
Figure 1(b) unifes diferent characteristics of links. Te
probability of linking is important, for which reason the
edges can be simplifed to be undirected, un-weighted, and
non-overlapping ones. Te weight of each ordinary node is
computed by the distance between itself and the ego.
Terefore, the smaller the distance is, the greater the weight
is. Take Node 13 as an example. Te process of calculating
the weight based on formula (4) is the following: 0.2× 0.83 ×
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(0.7 + 0.4× 0.8)× 0.5× (0.8× 0.3)� 0.0125. From Figure 1(b),
it can be found out that nodes 4, 6, 8, and 15 are relatively
close to the ego, and Node 8 is the nearest one. If the
threshold φ is set to 0.05, then the link between the ego and
Node x will be added when sego,x≥ 0.05, so nodes 3, 9, 10, 11,
and 12 are directly linked to the ego.

2.3. Overlapping Node Clustering. When all links of a node
belong to one community, then the node can be classifed
into this corresponding cluster; otherwise it is an over-
lapping node.

Defnition 4 (the node attribute): the attribute of Node c is
Attric �<n1, n2, n3, . . ., nm>, where nx is an adjacent node of
c, x∈[1, m].

Supposing that the only information available is network
topology, we can use the node’s neighbours to illustrate the
most fundamental characteristic. Terefore, the analysis of
the adjacent node set is equivalent to that of characteristics
of the ego.

Defnition 5 (the edge attribute): Exy denotes the edge be-
tween nodes x and y, and the attribute of Exy is
AttriExy �Attrix∪Attriy.

Because the edge attribute is embodied by the two linked
nodes, the union of their attribute lists can be used to express
the edge attribute, based on which, non-overlapping link
clustering can be performed. Each cluster denotes a social
dimension, which is usually formed by diferent locations,
religions, and interests. Social dimensions in the complex
network are generated in diferent ways that make their
forms and properties diferent while the analysis of the
features of edges is the most concise way of achieving the
overlapping partitions of nodes.

Because there is no possibility that a pair of disjoint links
(that do not share a node) are similar, the link clustering is
limited in connected pairs of links that share a node that is

simple and efcient. Te link clustering algorithm proposed
in this paper is precisely described in Algorithm 1.

Te time complexity for judging whether there is an
association between nodes is O(e), where e is the number of
edges. Te time complexity of judging whether the nodes in
C andC′meet the merging conditions isO(n2fn2). Hence, the
total time is O(e+ n2).

Overlap(B, D) computes the overlapping degree of
clusters B and D according to the Jaccard index, which has
the following function: overlap(B, D) � B∩D/B∪D. Cov-
er(B, D) computes the degree of the smaller cluster covered
by the bigger cluster between B and D, the function of which
is cover(B, D) � B∩D/min(B, D). When merging the link
clusters, the algorithm not only combines the unnecessary
clusters but also controls the number of overlapping nodes
and reduces the overlapping areas among clusters.
Length(ci) computes the number of nodes in ci and prevents
the generation of excessive overlapping nodes.

Te clustering results of links are several sets of nodes,
and the temporary clusters of nodes are recognized as the
indicative node sets. If two nodes in the indicative node set
have been classifed into diferent clusters, then the con-
nection times of the two clusters should be added. If one of
the nodes in the indicative node sets has been classifed into
one cluster, while the other node has yet to be classifed, then
the undetected node will be added to this cluster. When the
node sets no longer change throughout the iterative process,
the operation is terminated. At that moment, further
combination is executed based on the connection intension
of clusters that is computed according to the indicative node
sets.

Treshold Θ1 is set according to the characteristics of
actual data and realistic requests.TresholdΘ2 can afect the
accuracy of community partition and the number of clusters.
If Θ2 is too small, then that will lead to the combination of
clusters having many diferent attributes. On the contrary, if
Θ2 is too big, then that will lead to the generation of many
clusters that contain few nodes. Te setting method of Θ2 is
described below in detail.
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Figure 1: egoNet. Te black node denotes the ego. c� 0.2 and ρ� 0.8. (a) Diverse associations between nodes. Te numbers denote the
strengths of links. (b) Linking probabilities. Te numbers denote the probability of linking the ego to the others.

4 Mathematical Problems in Engineering



Figure 2 presents two special cases of link clustering.
Figure 2(a) describes the situation of a node with one
edge, based on which nodes like x should be put into the
nearest cluster and not be classifed separately. Node y in
the structure x − y in Figure 2(a) is covered by Cluster A.
Tus, the coverage ratio of structure x − y is 1/2. To classify
the node with one edge to the nearest cluster, which is the
minimum requirement for link clustering, Θ2 �1/2 is the
lowest limit of Θ2. Figure 2(b) describes two communities
that contain a large number of common overlapping node,
but clusters like those should be combined. Because
structure A in Figure 2(b) has two nodes covered by
Cluster B, the coverage ratio of structure A is 2/3, then
Θ2 � 2/3 is the highest requirements. Given the above,
Θ2∈[1/2, 2/3].

An example is given to illustrate the process of link
clustering.

On the basis of the algorithm proposed in this paper, the
network illustrated in Figure 3 can be analyzed to detect
overlapping communities. Table 1 describes the attributes of
each node according to the adjacent nodes. Te edge at-
tributes can be obtained by computing the union of the
attribute sets of the two linked nodes shown in Table 2. Take
Edges 1–3 as an example. Te process of computing the
attribute lists isAttriLink_1,3 �Attri1∪Attri3 � {3, 4, 5, 6, 7}∪{1,
2, 4}� {1, 2, 3, 4, 5, 6, 7}.

Supposing thatΘ1 � 1, the edges with the same attributes
are placed into one cluster. For instance, because
AttriLink_1,3 �AttriLink_1,4 � {1, 2, 3, 4, 5, 6, 7}, the links be-
tween 1–3 and 1–4 are classifed into one cluster. Te results
of link clustering are shown in Table 3.

Because the results of temporary link clustering contain
redundant information, cluster merging is needed based on
the overlapping ratio of clusters. If the merging condition is
set asΘ2 � 2/3, then the fnal clustering results are {1, 2, 3, 4},
{1, 5, 6, 7, 8, 9}, and {9, 10}. Similarly, if Θ2 �1/2, the fnal
clustering results are {1, 2, 3, 4, 5, 6, 7} and {1, 5, 6, 7, 8, 9, 10}.

Trough the above analysis, the fnal result is shown in
Figure 4.

3. Experiments

Te parameters used in the experiment are shown in Table 4.
Te datasets used throughout the experiments are as

follows: MovieLens (http://www.datatang.com/datares/
detail.aspx?id�44295), Zachary’s Karate Club (http://www-
personal.umich.edu/~mejn/netdata/), and Dolphin’s Asso-
ciations (http://www-personal.umich.edu/~mejn/netdata/):

(1) Te dataset of MovieLens is a synthesized recom-
mendation system and virtual community, which is
commonly used for social computing.

Input: Te complex network G
Output: Te overlapping node clusters
(1) FOREACH (ego, x) IN G
(2) IF path(ego, x)� � 1 THEN

//judging whether a pathway exists between the ego //and Node x
(3) IF S ego,x>φ && directLink(ego, x)� � 0 THEN

//judging whether the ego and Node x are adjacent
(4) link(ego, x)
(5) ELSE continue
(6) END FOREACH
(7) FOREACH path(t, k)� � 1 IN G
(8) AttriLink_tk �Attrit∪Attrik

//computing the edge attribute
(9) END FOREACH
(10) FOREACH (Linkxe, Linkxd) IN edgelist
(11) IF overlap(AttriLink_xe, AttriLink_xd)≥Θ1 FOREACH
(12) put Linkxe and Linkxd into the same cluster
(13) ELSE
(14) divide Linkxe and E� Linkxd separately
(15) END FOREACH
(16) sort C in descending order by the size of node sets

//merging from the core collection
(17) UNTIL C′ is unchanged DO

//C′ is the combined clustering sets
(18) combine temporary clusters of high tie strength by analyzing the indicative clusters
(19) END UNTIL
(20) delete clusters in which all nodes are covered by other clusters in C′
(21) judge whether ci in C and cj

′ in C′ meet the combination conditions:

(a) IF C′ is null THEN add ci into C′
(b) IFcover(ci, cj

′)≥Θ2 && length(ci)> 2 THEN merge ci and cj
′

(c) IF cover(ci, cj
′)<Θ2 && length(ci)> 2 THEN add ci into C′ as a separate clusterAlgorithm 1: BCluster.
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(2) Te dataset of Zachary’s Karate Club is a social
network of friendships between 34 members, so
edges in the graph describe the higher frequency of
interactions between members.

(3) Te dataset of Dolphin’s Associations is an undirected
social network of frequent associations between 62
dolphins, which has 62 nodes and 159 edges.

3.1. Comparison Methods

(1) INB [11] is a method based on the analysis of in-
duced dependencies to build an inference network.

(2) RNM [18] is a local expansion method based on
rough neighbourhood.

(3) NOVER-based [19] is a greedy algorithm, which
iteratively removes the edges of a network in the
increasing order of their neighborhood overlap and
calculates the modularity score of the resulting
network components after the removal of each edge.

In Figure 5, diferent colours of nodes represent diferent
clusters. Te clustering result of the dataset of Zachary’s
Karate Club is shown in Figure 5(a) Te overlapping nodes
ascertained by LFM, RNM, and BCluster are <3, 9, 10, 14,
31>, <3, 9, 10, 31>, and <3, 14>. It can be discovered that
nodes 9, 10, and 31 have every reason to be assigned to a
unique cluster rather than an overlapping node, for which
reason, BCluster has a strong ability of community partition
and generates the minimum quantity of overlapping nodes.
Terefore, BCluster can give a precise description of a node.
Node 9 is similar to Node 14 (both of them have many
connections with other clusters), while BCluster defnes
Node 14 as an overlapping node, and Node 9 is assigned to
one cluster, the result of which is that Node 9 has a weak
association with other clusters because it is only linked by
some overlapping nodes, and Node 14 is linked directly to
Node 34 (the centre of the community), which makes Node
14 closely connected with the two clusters. As a result, Node
14 is difcult to distinguish.
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Figure 2: Extreme cases of link-partitions. (a) Te lowest degree and (b) the highest degree.
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Figure 3: Te network topology.

Table 1: Te list of nodes.

① {3, 4, 5, 6, 7}
② {3, 4}
③ {1, 2, 4}
④ {1, 2, 3}
⑤ {1, 6, 8, 9}
⑥ {1, 5, 7, 9}
⑦ {1, 6, 8}
⑧ {5, 7, 9}
⑨ {5, 6, 8, 10}
⑩ {9}

Table 2: Te attribute list of edges.

①③ {1, 2, 3, 4, 5, 6, 7}
①④ {1, 2, 3, 4, 5, 6, 7}
①⑤ {1, 3, 4, 5, 6, 7, 8, 9}
①⑥ {1, 3, 4, 5, 6, 7, 9}
①⑦ {1, 3, 4, 5, 6, 7, 8}
②③ {1, 2, 3, 4}
②④ {1, 2, 3, 4}
③④ {1, 2, 3, 4}
⑤⑥ {1, 5, 6, 7, 8, 9}
⑤⑧ {1, 5, 6, 7, 8, 9}
⑤⑨ {1, 5, 6, 8, 9, 10}
⑥⑦ {1, 5, 6, 7, 8, 9}
⑥⑨ {1, 5, 6, 7, 8, 9, 10}
⑦⑧ {1, 5, 6, 7, 8, 9}
⑧⑨ {5, 6, 7, 8, 9, 10}
⑨⑩ {5, 6, 8, 9, 10}
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Te performance of BCluster on the dataset of Dolphin’s
Associations is shown in Figure 5(b), and the overlapping
nodes’ IDs are 8, 20, and 31, while LFM fnds that nodes 8,
20, 29, 31, and 40 overlap. By analyzing the edges of each
overlapping node that is generated, BCluster is correct,
generates the lowest number of overlapping nodes, and is
used to achieve the optimal community partition.

For the purpose of analyzing the experimental results,
the following measurement parameters are used: mul-
tiplicity precision calculated by [20]: MP �

Min(|C(e) ∩C(e′)|, |L(e)∩ L(e′)|)/|C(e)∩C(e′)| and
multiplicity recall by MR � Min(|C(e)∩C(e′)|,
|L(e) ∩L(e′)|)/|L(e)∩ L(e′)|. FB is a comprehensive
measure of MP and MR, and the algorithm is

Table 3: Temporary link clustering results, Θ1 � 1.

c− 1 c− 2 c− 3 c− 4 c− 5 c− 6 c− 7 c− 8 c− 9 c− 10

Edge

{①③} {①⑤} {①⑥} {①⑦} {②③} {⑤⑥} {⑤⑨} {⑥⑨} {⑧⑨} {⑨⑩}
{①④} {②④} {⑤⑧}

{③④} {⑥⑦}
{⑦⑧}

Sets of nodes ①③④ ①⑤ ①⑥ ①⑦ ②③④ ⑤⑥⑦⑧ ⑤⑨ ⑥⑨ ⑧⑨ ⑨⑩

10

8

9

7

5

1

6

4

3 2

(a)

9

8 7

5

10

6

1 3 2

4

(b)

Figure 4: Results of link clustering. (a) Θ1 � 1, Θ2 � 2/3 and (b) Θ1 � 1, Θ2 �1/2.

Table 4: Parameter description.
Θ1 Te threshold of function overlap()
Θ2 Te threshold of cover()
MP Multiplicity precision
MR Multiplicity recall
FB Synthesis of P and R
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Figure 5: Te execution results of BCluster on diferent datasets. (a) Zachary’s Karate Club. Θ1 � 0.85, Θ2 � 0.5. (b) Dolphin’s associations.
Θ1 � 0.85, Θ2 � 0.5.
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FB �MP ×MR × 2/(MP +MR). Table 5 shows a com-
parison of the performances of diferent clustering al-
gorithms on diferent datasets. We manually labeled
20,000 rows of node information that was randomly

selected from MovieLens because the dataset has no tags
and unable to perform a comparison of correctness.

Te two clusters of Karate Club separated by BCluster
are denoted as K− 1 and K− 2. Te two separated clusters of

Table 5: Te performance comparisons of diferent algorithms.

Dataset
INB NOVER-based RNM BCluster

MR MP FB MR MP FB MR MP FB MR MP FB
Karate Club 0.70 0.92 0.79 0.83 0.91 0.87 0.84  .00 0.91  .00  .00  .00
Dolphin 0.37 0.90 0.53 0.73 0.90 0.81 0.46 0.97 0.62 0.73 0.98 0.83
MovieLens 0.33 0.83 0.47 0.84 0.80 0.82 0.56 0.86 0.68 0.82 0.89 0.85

Table 6: Te comparisons of BCluster in diferent datasets.

K− 1 K− 2 D− 1 D− 2 M− 1 M− 2 M− 3
Degree distribution 3.571 3.889 4.222 5.220 11.61 25.924 24.372
Diameter 3 3 5 5 5 5 5
Density 0.275 0.229 0.248 0.130 0.002 0.005 0.005
Modularity 0.275 0.240 0.217 0.383 0.503 0.475 0.491
Average clustering coefcient 0.736 0.690 0.470 0.279 0 0 0
Average path length 1.813 1.900 2.190 2.487 2.518 2.527 2.514
Ratio (%) 47.06 64.71 37.70 78.69 5.99 47.06 49.94

C
ou

nt

175

150

125

100

75

50

25

0
1 2 3

Value

Closeness Centrality Distribution

4

(a)

C
ou

nt

500
450
400
350
300
250
200
150
100

50
0

1 2 3
Value

Closeness Centrality Distribution

4

(b)

C
ou

nt

250
275
300
325
350
375
400

225
200
175
150
125
100

75
50
25

0
1 2 3

Value

Closeness Centrality Distribution

4

(c)

Figure 6: Closeness centrality distribution of (a) M− 1, (b) M− 2, and (c) M− 3.
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Dolphin are D− 1 and D− 2. Te three separated clusters of
MovieLens are M− 1, M− 2, and M− 3. On the basis of
diferent measurements, the comparisons of BCluster in
diferent datasets are shown in Table 6.

On the basis of three diferent datasets, experiments are
conducted to compare BCluster with INB, IOP, and RNM.
Te results show that BCluster generates the least number of
overlapping nodes and achieves a good community
partition.

Te quality of the communities can be measured. Te
results of it are shown in Figure 6, which indicates that the
distances between nodes are reasonable and comparatively
short among most of the nodes in the same cluster. Figure 6
illustrates that the clustering efect of our overlapping
clustering algorithm is good.

Figure 7 displays the reasonability of the centre nodes
and overlapping nodes inM− 2. Te black nodes denote the
centre in Figure 7(a). Because BCluster is performed through
a series of computations on the collections of nodes, there
may be more than one centre node per cluster, and the
centre nodes are not only associated with one another
strongly but also closely linked to many ordinary nodes in
the corresponding cluster. Terefore, the centre nodes make
the nodes in the cluster highly correlated. Figure 7(b) is a
heat map of the nodes in M− 2, the black node is the centre
node, and the colours from dark to light represent the
descending degrees of connection between the centre and
other nodes. Terefore, it can be concluded that the centre is
strongly positively correlated to many nodes in the cluster,
based on which, several centre nodes make the nodes in the
cluster gathered closely.

4. Conclusions

To solve the data sparseness problem of a single object, the
authors of this paper propose an algorithm that calculates
the probability of linking any two reachable and indirectly
linked nodes and adds edges of high probability into the
original graph to increase the quantity of knowledge. An
overlapping clustering algorithm that determines the

attributes of edges based on the two nodes that are linked
and classifes edges into non-overlapping clusters is also
presented. Compared to other clustering algorithms,
BCluster can accurately distinguish the diferences between
nodes and detect communities with minimal numbers of
overlapping nodes. In future studies, we will focus on how to
improve the accuracy of community division, how to sub-
divide users’ multiple identities, how to reduce the com-
plexity of massive node processing algorithm, and other
research areas.
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