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a b s t r a c t
Eﬃciently discovering the hidden community structure in a network is an important research concept
for graph clustering. Although many detection algorithms have been proposed, few of them provide a
visual understanding of the community structure in a network. In this paper, we deﬁne two measurements about the leading and following degrees of a node. Based on the measurements, we provide a
new representation method for a network, which transforms it into a simpliﬁed network, i.e., weighted
tree (or forest). Compared to the original network, the simpliﬁed network can easily observe the community structure. Furthermore, we present a detection algorithm which ﬁnds out the communities by
min-cutting the simpliﬁed network. Finally, we test the performance of the proposed algorithm on several network data sets. The experimental results illustrate that the proposed algorithm can visually and
effectively uncover the community structure.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Since the data are modeled as networks in many complex systems [30], e.g., social networks and biological networks, recently
increasing attention has been paid to complex networks analysis.
Community structure [9,22] is a very important property of networks. Intuitively, a community (cluster) in a network consists of
a cohesive group of nodes that are relatively densely connected to
each other but sparsely connected to other dense groups. Community detection aims to identify the communities by only using the
information encoded in the network topology. It can be seen as a
procedure of graph clustering.
Community detection becomes one of the most important
tasks to explore and understand how the networks work [10]. To
solve the community detection problem, various types of algorithms have been proposed and developed, including latent space
model, non-negative matrix factorization, block model approximation, spectral clustering, label propagation, and modularity maximization. These algorithms have different deﬁnitions of communities or clustering criteria, according to applications for different
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scientiﬁc needs [32]. Many of them have been successfully applied
to different areas. The detailed review of these algorithm can be
found in Section 2.
However, few of the existing community detection algorithms
consider its visual understanding while detecting the community
structure in a network. A good visual understanding can help us to
easily recognize inherent communities and their intrinsic characteristics. For example, a community generally includes two important zones, i.e., the core and border, which can determine its shape
and organization. However, due to the presence of lots of edges in
the network, it is diﬃcult for us to directly observe these zones.
To overcome the deﬁciency, we will deﬁne leading and following
degrees of a node to evaluate its representability and its following relations with other nodes. A node with high leading degree
tends to be seen as a representative of some community. Several
highly-connected representatives can constitute the core of a community. The border of a community tends to be made up of several
nodes with low leading and high following degrees. Based on the
leading and following degrees, we will provide a new representation method and community detection algorithm for network data
sets. Compared to the original network, we will easily observe the
community structure in the re-expressed network. The major contributions of this paper are as follows.
• Transform a complex network into a simpliﬁed network, i.e.,
weighted tree (or forest), which can reﬂect the core of each
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community and the membership of each node to the communities. This step simpliﬁes the network and makes users easily
observe the community structure.
• The community detection problem is seen as a min-cut problem of the obtained tree. Compared to cutting the original network, cutting the tree can be easily solved.
The following is the outline of this paper. Section 2 presents the
new community detection algorithm. Section 3 review the related
works. Section 4 demonstrates the performance of the proposed
algorithm. Finally, we draw conclusions and suggest future work in
Section 5.
2. Related works
Currently, many approaches have been proposed to detect the
non-overlapping community structures [8]. We introduce the ﬁve
well-known types of algorithms as follows:
(1) The feature mapping model mainly maps nodes of a network
into a low-dimensional Euclidean space. The proximity between the network connectivity nodes is kept in the new
space; then, the nodes are clustered in the low-dimensional
space by using traditional clustering algorithms such as kmeans [17] and linkage [34]. The representative includes
Latent space model [27] non-negative matrix factorization
[16,33,35] and spectral clustering algorithms [11,28].
(2) The block approximation model sees a community detection
problem as a matrix blocking problem, which reorder the
index of each node according to their community membership and approximate a given network by a block structure
[5]. Each block represents a community.
(3) The label propagation model mainly uses the neighbor information of each node to determine its label and do not need
any prior knowledge of community structure. The representative algorithm of LPA was proposed by Raghavan et al.
[24]. It has greatly received attention for its nearly linear
time complexity in ﬁnding communities. However, since the
label of each node depends on those of other nodes, the algorithm can only linearly propagate the labels. In addition,
the convergence speed and clustering effectiveness of the algorithm are very sensitive to the update order of label information. Therefore, several improved LPA algorithms are developed in [1,12,31].
(4) The modularity maximization model [6,7,10,19,21] transforms
a community detection problem into a modularity maximization problem. Modularity is a commonly used criterion for community detection, which measures the strength
of a community partition for real-world networks by taking into account the degree distribution of nodes. The type
of the algorithms mainly apply different hierarchical clustering strategies to partition networks, which is very timeconsuming. The fast unfolding algorithm proposed by Blondel et al.[2] is a fast heuristic method for the modularity optimization. The algorithm uses the idea of the label propagation models to reduce the computing cost. Compared to
other algorithms for modularity maximization, the fast unfolding algorithm has good scalability for large networks.
(5) The information-theoretical model is developed by Rosvall
et al. for community structure [26]. They transfer the problem of community detection into an information coding
problem. Furthermore, an information map algorithm of random walks [25] is proposed to solve the optimization problem.
Except for the above types, some new techniques are applied
to community detection. For example, the parallel and distributed

59

algorithms [13,29] are proposed to fast deal with large-scale networks. The uniﬁed methods [3,4,18] are developed to detect nonoverlapping and overlapping communities. These new methods can
more effectively tackle complex networks.
3. The community detection algorithm
Given an original network, we can observe link relation between nodes but do not easily see its community structure. Therefore, we provide a new representation method of the network to
better reﬂect its community structure. In the proposed method,
we employ two measurements , i.e., leading and following degrees,
to measure the representability of a node and its following relations with other nodes. We assume that a community is made up
of leading nodes and following nodes. The leading nodes in the
community are seen as its representatives and have high leading
degrees. The higher the leading degree of a node is, the more representability it has in the community it belongs to. For the following nodes in the community, they have lower representability but
higher following degrees to the leading nodes. If the following degree of a node to other node is high, they possibly belong to the
same community. Therefore, we can easily observe the community
structure in the re-expressed network.
First, we provide some related notations and deﬁnitions on the
proposed method. Suppose that G = V, E, A is an undirected network with V which is a set of n vertices and E which is a set of
m edges. A = {Ai j }1≤i, j≤n is an adjacency matrix, where Aij is the
weight of edge < vi , v j > . For an unweighted graph, if there is an
edge between nodes vi and v j , Ai j = 1, otherwise, Ai j = 0 . We
assume Aii = 1 for 1 ≤ i ≤ n. Ni = {v j | < vi , v j >∈ E } is a vertex set

including all the neighbors of vi ∈ V . d (vi ) = v ∈N Ai j is degree
j

i

of node vi . For any two nodes, we use the number of common
neighbors between two nodes to simply reﬂect their similarity. The
similarity measure is formalized as

δ ( vi , v j ) =



Aiz A jz .

(1)

vz ∈Ni ∪N j

The more the number of their common neighbors is, the more similar they are.
Next, we introduce how to evaluate the leading degree of a
node. In this, we mainly consider the leadership of a node to its
neighbors. We assume that a node only can lead such its neighbors that have lower inﬂuences than it and high similarity with it.
If some of its neighbors have higher inﬂuences than it, it cannot
lead them. In addition, its leadership to its neighbors with lower
inﬂuences depends on its similarity with them. If the similarity is
high, its leadership to them should be large. Here, we use the degree of a node to reﬂect its inﬂuence. The more its degree is, the
more the number of its neighbors is, the more it has high inﬂuence. Therefore, the leading degree of a node is deﬁned as

L ( vi ) =



δ ( vi , v j ).

(2)

d (v j )<d (vi ),v j ∈Ni

Let us use an example the network from Zachary’s karate club
which is shown in Fig. 1 to explain the leading degree. We consider
node 32 in this network. According to Fig. 2, we see that node 32
links other six nodes. We think that it only may lead nodes 25,
26 and 29 whose degrees are less than it. Thus, we use the sum
of the similarity between it and nodes 25, 26 and 29 to reﬂect
its leading degree. Furthermore, we introduce how to evaluate the
following degrees of a node with other nodes. We assume that
a node only follows such nodes that have higher leadership than
it. Its following degree to some node depends on the proportion
of their common neighbors within its neighbors. For a node, the
more its neighbors have edges with its following node, the higher
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Fig. 1. Original network of Zachary’s karate club.

Fig. 4. Simpliﬁed network of Zachary’s karate club.

Based on L(.) and F(., .), we propose a new representation of a network which maps it to a weighted and directed network. The reexpressed network G =< V , E , A > is deﬁned as follows.

⎡

V = V,

⎢ E ={< vi , vq >|F (vi , vq ) = max F (vi , v j ) and F (vi , vq )>0, vi ∈ V },
⎢
v j ∈V
⎢
⎣
F ( vi , v j ), i f < vi , v j >∈ E ,
A = {Ai j }1≤i, j≤n , where Ai j =
0,

otherwise.

(4)
According to the above deﬁnition, we can see that the re-expressed
network is a tree structure. G has the following properties.
Property 1. The number of edges in G is no more than n − 1, where
n is the number of nodes.

Fig. 2. Explanation for the leading degree L.

Property 2. Let T be a subtree of G , since L(v j ) ≥ L(vi ) for any <
vi , v j > in T, its root has the maximum L value in T.
Property 3. For any two nodes vi and v j , if there is a path between
them in G , a path between them exists in the original network G.
Property 4. Let T be a subtree of G , VT be the set of all the nodes
and ET be the set of all the edges in T. If we partition the nodes of T
into two clusters, T has the following property

min
C∈VT

Fig. 3. Explanation for the following degree F.

its following degree is. Therefore, the following degree of a node is
deﬁned as

⎧
⎨ δ ( vi , v j ) , i f L ( v ) ≥ L ( v )
j
i
d ( vi )
F ( vi , v j ) =
⎩
0,

(3)

otherwise.

Let us continue taking the karate network for an example. In Fig. 3,
we can see that node 32 only may follow nodes 1, 2, 3, 4, 24,
32, 33 and 34 whose leading degrees are no less than it. According to Eq. (3), we compute its following degrees to these nodes.



vi ∈C,v j ∈VT −C

Ai j =

min

< v p ,v q > ∈ET

A pq .

(5)

In the following, we discuss whether G can easily reﬂect the
community structure, according to these properties. Since we only
keep the maximum following degree of each node, seen in Fig. 3,
G has no more than n − 1 edges. G realizes the simpliﬁcation
of G, which is convenient for observing the community structure.
Fig. 4 shows the simpliﬁed network of karate. Compared to the
original network, we can clearly see that there are two obvious
communities. According to Property 2, we can see that the root has
the maximum leadership in a subtree. Therefore, if each subtree
is seen as a community in G , its root and leaves can be viewed
as the center and borders of the community, respectively. On the
community, the weight of an edge reﬂects the membership of a
node to the community. Fig. 4 shows nodes 1 and 34 are the centers of the two communities, respectively. For any two nodes in
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their degrees. Thus, in order to compute L and F, the algorithm
needs to get the similarity between all the nodes whose computing cost is O(2nm). Besides, cutting the simpliﬁed network needs
O(n) operations. Therefore, the time complexity of the algorithm is
O(2nm + n ).

Algorithm 1: The STCD algorithm.
Input: G, λ
Output: 
for 1 ≤ i ≤ n do
Compute L(vi );

4. Experiment analysis

for 1 ≤ i, j ≤ n do
Compute F (vi , v j );
Obtain G =< V , E , A > by Eq. (4)
for < vi , v j >∈ E do
if Ai j < λ then
Delete edge < vi , v j > from E and set Ai j = 0;
Find out all the subgraphs who are non-connected each
other;
All the nodes in the lth subgraph belong to Vl ;

the original network, there may be several paths. Property 3 illustrates that the simpliﬁed network G retains a path between any
two nodes, which mainly reﬂects their following relations. Therefore, compared to the original network, we can easily observe the
community structure in the re-expressed network.
Based on the simpliﬁed network G , we describe the community
detection problem as follows.



min () =

Ai j ,

(6)

vi ∈Vl ,v j ∈Vh ,1≤l =h≤k

where  = {V1 , V2 , . . . , Vk } is a partition of V, where Vl is the lth
community and k is the number of communities. Compared to
min-cutting the original network, it is not diﬃcult to solve the
problem. According to Property 4, we can conclude

min () =

min

Q ⊂E ,|Q |=k−1
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Ai j .

(7)

< v i ,v j > ∈Q

Therefore, we can minimize () by deleting the edges with the
ﬁrst k − 1 lowest weights from G to ﬁnd out k communities. However, since the number of communities k is often unknown for a
network, we replace k with a parameter λ which should be in the
interval [0, 1]. We delete all the edges whose weights are no more
than λ from G to automatically determine k. The k value depends
on the λ value. The higher the λ value is, The more the k value
may be.
The Simpliﬁed Tree-based Community Detection algorithm is
described in Algorithm 1, called STCD. The basic operation of
the proposed algorithm is δ (., .). We know that the computing
cost of the similarity between two nodes is linearly relevant to

In this section, we test the performance of the STCD algorithm
on several synthetic and real networks. The synthetic networks
are produced by LFR benchmark [15] which provides a rich set
of parameters to control the network topology. The real networks
are downloaded from Newman and co-workers [14,20]. The detail description of these networks is shown in Table 1. The hardware environment of the experiment is a PC with an Intel 2.5Hz
i7-4710MQ CPU and 16G RAM. The software platform is Matlab
R2016b in Windows 10×64.
In order to show the effectiveness of the STCD algorithm, we
ﬁrst test it on Dolphins, Jazz and Email networks. Figs. 5–7 show
their topological structures of the original, simpliﬁed and cut networks. According to Fig. 5(a), we see that there are three obvious
centers of communities, i.e., nodes 32, 5 and 18 in Dolphins network. By using the STCD algorithm, we transform the original network into a tree. We can easily observe the centers and shapes of
communities from Fig. 5(b). While setting λ = 1/3, we can detect
the three communities, shown in Fig. 5(c). Next, we analyze Jazz
network according to Fig. 6. From Fig. 6(a), we see that there are
two obvious communities. However, we do not see the centers of
communities from the original network. Fig. 6(b) shows the simpliﬁed network where we easily observe two centers, i.e., node 7 and
67. If we set λ = 0.56, we can obtain the two communities, seen
in Fig. 6(c). Finally, we show the visual understanding of Email
network. According to Fig. 7(a), we do not observe the community structure, due to the fact that there are many edges in this
network. We use the STCD algorithm to map the original network
into a tree, seen in Fig. 7(b). Here, we set λ = 1/3 to cut the tree
into several subtrees. Fig. 7(c) illustrates there are many communities with different shapes. According to the above analysis, we see
that the STCD algorithm can provide a good visual understanding
of complex networks, compared to the original networks.
Furthermore, we compare the STCD algorithm with six algorithms including the fast modularity maximization (FMM) [19], the
normalized spectral clustering (NSC) [28], the label propagation algorithm (LPA) [24], the fast unfolding communities (FUC) [2], the
integrated community algorithm (IEDC) [18], and the MaxPerm algorithm (MP) [3]. While running the NSC algorithm, we set k to
the true number of classes. Other algorithms can automatically determine the k value. For the STCD algorithm, we set λ = 1/3 in
the comparison. These algorithms are carried out on six synthet-

Table 1
Description of networks.
Source

Data sets

Description

Benchmark

S1
S2
S3
S4
S5
S6

n = 10 0 0, d¯ = 15, di
n = 10 0 0, d¯ = 15, di
n = 10 0 0, d¯ = 15, di
n = 10 0 0, d¯ = 15, di
n = 10 0 0, d¯ = 15, di
n = 10 0 0, d¯ = 15, di

Real networks

Dolphins
Jazz
Email
Grassweb
Football
Polbooks
Polblogs

n = 62, m = 159, k = NA
n = 198, m = 2742, k = NA
n = 1133, m = 5451, k = NA
n = 75, m = 113, k = 5
n = 115, m = 613, k = 12
n = 105, m = 441, k = 3
n = 1490, m = 16718, k = 2

≤ 50, 10 ≤ nl
≤ 50, 10 ≤ nl
≤ 50, 10 ≤ nl
≤ 50, 10 ≤ nl
≤ 50, 10 ≤ nl
≤ 50, 10 ≤ nl

≤ 50, μ = 0.3, γ
≤ 50, μ = 0.4, γ
≤ 50, μ = 0.5, γ
≤ 50, μ = 0.3, γ
≤ 50, μ = 0.4, γ
≤ 50, μ = 0.5, γ

= 2, β
= 2, β
= 2, β
= 3, β
= 3, β
= 3, β

=1
=1
=1
=2
=2
=2
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Fig. 5. Dolphins: (a) original network; (b) simpliﬁed network; (c) cut result.

ical and four real networks. To compare the effectiveness of different algorithms, we employ an external measure, i.e., the normalized mutual information (NMI) [23] and an internal measure,
i.e., the modularity (Q) [19]. The normalized mutual information
(NMI) is used to evaluate the similarity between a detection result and the “true” partition on each of the given networks. Given
a set V of n nodes and two partitions, namely C = {c1 , c2 , · · · , ck }
(the detection result) and P = { p1 , p2 , · · · , pk } (the “true” partition), nij denotes the number of common nodes of groups ci and
pj : ni j = |ci ∩ p j | . The normalized mutual information (NMI) is de-

Fig. 6. Jazz musicians: (a) original network; (b) simpliﬁed network; (c) cut result.

scribed as [23]

NMI =

 

n n

ni j log b idj
i j


− i bi log bni − j d j log
2

i

j

dj
n

.

If the detection result is close to the “true” partition, then the NMI
value is high. The modularity is used to evaluate the compactness
within the obtained communities, which is described as [19]



d ( vi )d ( v j )
1 
Q=
Ai j −
I ( si , s j ),
2|E |
2|E |
i, j

L. Bai et al. / Knowledge-Based Systems 143 (2018) 58–64

63

Table 2
NMI values of different algorithms on synthetical networks.
Data set

FMM

NSC

PLA

FUC

IEDC

MP

STCD

S1
S2
S3
S4
S5
S6

0.73
0.63
0.55
0.77
0.65
0.52

0.79
0.70
0.33
0.89
0.95
0.90

0.79
0.63
0.43
0.72
0.71
0.71

0.95
0.95
0.92
0.95
0.93
0.67

0.58
0.76
0.80
0.71
0.78
0.77

0.86
0.80
0.73
0.84
0.79
0.75

1.00
1.00
0.97
1.00
0.99
0.98

Table 3
NMI values of different algorithms on real networks.
Data set

FMM

NSC

PLA

FUC

IEDC

MP

STCD

Grassweb
Football
Polbooks
Polblogs

0.07
0.74
0.53
0.37

0.06
0.92
0.35
0.20

0.11
0.71
0.46
0.33

0.05
0.88
0.53
0.37

0.05
0.78
0.22
0.01

0.13
0.69
0.43
0.21

0.23
0.91
0.56
0.37

Table 4
Modularity values of different algorithms on synthetical networks.
Data set

FMM

NSC

PLA

FUC

IEDC

MP

STCD

S1
S2
S3
S4
S5
S6

0.32
0.27
0.23
0.32
0.28
0.23

0.24
0.15
0.09
0.25
0.20
0.21

0.28
0.21
0.16
0.28
0.21
0.16

0.34
0.29
0.23
0.34
0.29
0.24

0.28
0.26
0.16
0.32
0.26
0.22

0.20
0.12
0.10
0.17
0.13
0.12

0.34
0.29
0.23
0.34
0.29
0.23

Table 5
Modularity values of different algorithms on real networks.

Fig. 7. Email communication: (a) original network; (b) simpliﬁed network; (c) cut
result.

where si is the label of the community which vi belongs to,
I (si , s j ) = 1, if si = s j , otherwise, I (si , s j ) = 0 .
First, we analyze the performance of different algorithms on the
synthetic networks which have different degree distributions. Their
detection accuracies on these data sets are shown in Table 2. According to the NMI values, we can see that the performances of
the STCD algorithm are more robust and better than other algorithms on the synthetic networks. The experimental results illustrate that the proposed algorithm is suitable for dealing with this

Data set

FMM

NSC

PLA

FUC

IEDC

MP

STCD

Grassweb
Football
Polbooks
Polblogs

0.37
0.32
0.35
0.34

0.18
0.30
0.33
0.27

0.32
0.28
0.29
0.26

0.35
0.32
0.34
0.34

0.29
0.32
0.35
0.22

0.32
0.24
0.30
0.04

0.35
0.31
0.35
0.34

type of benchmark networks. We also test these algorithms on four
real networks. The comparison results are shown in Table 3. We
can see that the detection accuracy of the proposed algorithm on
the network football is very close to the best result of the other
algorithms. On other real networks, the STCD algorithm can obtain
the highest NMI values, compared to other algorithms. According
to the above analysis, we can see that the STCD algorithm is superior to other algorithms, in terms of detection accuracy.
Furthermore, we compare the modularity values of different
algorithms on these given networks. The comparative results are
shown in Tables 4 and 5. We can see that the FMM and FUC algorithms can obtain very high modularity values on these data
sets. The main reason is that they directly use the modularity measure as their objective function to ﬁnd out a partition result with
the maximum modularity value. Since other algorithms use another objective functions, they have lower modularity values than
the FMM and FUC algorithms. However, the experimental analysis in these tables also tells us that a community partition with
a high modularity value does not necessarily have high similarity
with the truth partition on a network. The main reason is that the
modularity is an internal validity measure which mainly evaluates
the connectivity within communities. According to Tables 4 and 5,
we can see that the modularity values of the proposed algorithm
are equal or very close to the highest values of the tested algorithms on these data sets. Therefore, the experimental results illustrate that the communities obtained by the proposed algorithm
also have very good internal compactness.
For the STCD algorithm, we need to set the parameter λ. We
know that the more the λ value is, the more the number of com-
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0.5

0.6

0.7

0.8

0.9

1

The parameter
Fig. 8. The parameter λ versus the number of communities k.

munities k is. Fig. 8 shows the relation between the λ values and
the k values in Football network. For a network, setting λ should
be related to its ﬁll that is the proportion of edges to the total
number of possible edges, i.e., m/n2 . A high ﬁll value indicates that
each node is closely connected to each other. In this case, we need
a big λ value to cut the network. In this paper, we found by the
experimental analysis that the STCD algorithm with the parameter
λ in the interval [0.3, 0.6] can obtain the number of communities
k which is very close to the real k on these tested networks.
5. Conclusions
In the paper, we present a new community detection algorithm,
called STCD. In the new algorithm, we map an original network
to a simpliﬁed network, i.e., weighted tree or forest, by using the
leading and following degrees of nodes. The simpliﬁed network
provides a very good visual understanding of the community structure. Furthermore, we propose a cutting-tree method to obtain the
communities. In the experimental analysis, we show the STCD algorithm is very effective for the visualization of the networks. We
also compare the STCD algorithm with other six detection algorithms. The comparison results illustrate that the proposed algorithm can better partition networks, compared to other algorithms.
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