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Abstract. Community detection is of considerable importance for understanding both the structure and function of complex networks. In this paper, we introduced the general procedure of
the community detection algorithms using global and local structural information, where the edge
betweenness and the local similarity measures respectively based on local random walk dynamics
and local cyclic structures were used. The algorithms were tested on artificial and real-world networks. The results clearly show that all the algorithms have excellent performance in the tests and
the local similarity measure based on local random walk dynamics is superior to that based on local
cyclic structures.
Keywords. Complex network; community structure; edge betweenness; local random walk.
PACS Nos 89.75.–k; 89.75.Fb; 89.75.Hc

1. Introduction
Community structure in complex networks – groups of vertices within which connections
are dense while between which they are sparser – is an important topological property
common to many real-world networks such as social, biological, as well as technological
networks which has attracted much attention in physics and many interdisciplinary fields
[1,2]. The communities or modules in complex networks generally correspond to such
functional units as real social groupings in social networks, sets of pages on related topics
on the WWW, sets of papers on related research subfields in citation networks, or cycles
and pathways in metabolic networks [1,3–5]. Detecting such communities in complex
networks will be of considerable interest, since it can provide a useful coarse-grained
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representation of complex networks and can help in analysing the structure and function
of the networks [1,2,6–8].
In the past decade, many community detection algorithms have been proposed based
on various approaches such as edge clustering coefficients [9], dissimilarity and similarity
measures [10,11], spectral analysis methods [12,13], physical models [14–16] and optimization [17–23], since the work of Girvan and Newman [24] (see refs [1,23,25,26] for
reviews). Moreover, an important quality function for community division of network
known as modularity, was also proposed by Newman and Girvan, which measures the
probability of edges falling inside the communities in the network minus the expected
value in the null model [27]. In general, the larger the modularity, the better the division
is, as the more it deviates from the null model. Further, to make use of potential information contained in the weights and directions of the edges, it has also been generalized to
the weighted and directed cases [28,29]. The modularity measure provides an objective
way to evaluate the quality of community divisions of networks, and it also suggests a
kind of alternative strategy for community detection – the modularity optimization [1].
In recent years, the modularity optimization becomes a very popular strategy in community detection, while it also encounters some difficulties such as the resolution limit
– the embedded modules below some scales will be undetectable [30–32]. Thus, its
improved versions as well as many new methods for community detection, such as the
multiresolution methods [33–35] and the Bayesian-theory-based method [36] are being
proposed continually. Interestingly, by redefining the weight of edges with local similarities and then feeding the weighted network to the weighted-modularity-based algorithms
[37,38], one can find the embedded communities in the network better. As we know,
the vertices in the same communities are usually of higher similarity, and thus the similarity measures between the vertices will have higher values. Redefining the weight
of the edges with similarity measures can help in increasing the difference between the
intra- and intercommunity edges, further making the community structure in the network
becoming clearer and easier to be detected than before. In this paper, we shall study
the community detection algorithms based on global and local structural information,
using the ‘trick’. Specifically, the edge betweenness and local similarity measures based
respectively on local random walk dynamics and local cyclic structures will be used and
compared. We believe that it will be worthwhile refocussing on some typical community
detection methods, since they may be able to give exciting results, especially when some
popular methods are suffering from certain intrinsic limits [30–32,39]. In the following
sections, we show the general procedure of the new community detection algorithms, and
then test them on artificial and real networks. Finally we come to our conclusions.

2. Methods
For identifying of community structures in networks or other purposes, researchers from
various fields have proposed many approaches that can depict the properties of the edges
and vertices in the networks. Sociologists developed a variety of ways of defining the
similarity between vertices in the study of social networks [40]. They seem to prefer the
property known as structural equivalence. Two vertices are said to be structurally equivalent if they have the same set of neighbours. For example, the Pearson correlation between
174
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columns (or rows) of the adjacency matrix is a commonly used similarity measure in
sociology [41]. Moreover, the number of edge- (or vertex-) independent paths between
vertices is another useful similarity measure, based on structural equivalence (two paths
that connect the same pair of vertices are said to be node-(or edge-) independent if they
share none of the same vertices (or edge) other than their initial and final vertices) [42].
These traditional measures may be very useful in some cases, but are unsatisfactory for the
community structure analysis of many general real-world networks. So, in recent years,
many new measures were developed to extract information about community structure
in networks, such as the edge betweenness [24], the edge clustering coefficients [9], the
information centrality based on the network efficiency [43,44], the dissimilarity and similarity measures [10,11], and so on. In general, these measures may be classified into
two classes: the one based on the global structures of networks and the other based on
only local structural information of networks under study, which can reflect or emphasize
different aspects of network structures.

2.1 Information extraction based on local network structure
To increase the difference between weights of the inter- and intracommunity edges, any
reasonable method, based on global or local information of networks, can be used to reweight the edges in the networks. In the literatures, many similarity measures have been
proposed and discussed [40,45,46], which will be helpful to some extent for community
detection. Here, we shall focus on two similarity measures based on local structural
information, recently proposed by Lai et al [37] and Berry et al [38], which can provide
important information on local structures in networks, and they will be compared in the
following texts. Due to the local nature of these measures, they can be calculated very
quickly, and they may give us some useful local information on communities beyond
global measures such as edge betweenness.
Similarity based on local random walk dynamics. In general, the dynamic processes
triggered on vertices in the same community possess similar behaviour patterns, but dissimilar on vertices in different communities. Based on the observation, Lai et al (LLN)
proposed the similarity measure based on local random walk dynamics. The probability of a walker from one vertex to another in t-step random walk is determined by the
matrix P t . The parameter t is the random walk length, determining the range of the local
structure that will be browsed. In general networks, good results can often be obtained
by using a small t-value (t = 2, 3, . . . ) [37]. The element pi j of the transition matrix P
is the ratio between the weight of the edge (i, j) and the weighted degree of vertex i, i.e.
pi j = wi j /wi . The behaviour patterns of the random walk dynamics from each vertex
 can
be quantified by an n-dimensional vector vi (i = 1–N ) – the row of the matrix tτ =1 P τ
where all the random walks whose steps vary from 1 to t are taken into account to reinforce the contributions from the vertices near the target vertices currently considered. The
similarity of Lai et al (LLN), using the cosine of two vectors, is defined as [37]
Si,LLN
j = √

(vi , v j )

,
(vi , vi ) (v j , v j )
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where (vi ,v j ) is the inner product of the vectors vi and v j . If the behaviour vectors vi
and v j are highly consistent, then the similarity Si,LLN
→ 1, 0 otherwise. Generally, the
j
pairs of vertices in the same communities have higher values of similarity than those in
different communities. So the similarity measure can be used as the probability of an edge
to lie in a community.
Similarity based on local cyclic structure. To re-weight the inter- and intracommunity
edges in the networks, Berry et al proposed a similarity measure based on local cyclic
structures, called neighbourhood coherence (NC). It is defined as [38]
Ge
,
(2)
Si,NCj =
We
where G e is the sum of the weight of the edges that reside on at most four order cycles
containing the edge e = (i, j) and are incident on vertices i and j, We is the total weight
of the edges incident on the two end-points of the edge e = (i, j). In general, the edges
between communities are only included in few local cyclic structures, while there are a
number of local cycles inside the communities. So the intercommunity edges have a low
value of the neighbourhood coherence index, while the intracommunity edges have a high
value.
2.2 Information extraction based on global network structures
In the past decade, many measures based on the global structure of networks have been
proposed and discussed, which have been used to evaluate the properties of the edges (or
vertices) in certain aspects from the viewpoints of the whole networks. For example, the
information centrality and ‘betweenness’ centrality of the edges have been proposed to
identify the intra- or intercommunity edges in networks, and further to detect the communities in the networks. The ‘betweenness’ centrality was first proposed by Freeman
as a measure of the centrality and influence of vertices in the networks, which is defined
as the number of the shortest paths on the network that run through a given vertex [47].
To identify which edges in a network are most ‘between’ communities, Girvan and Newman directly extended the Freeman’s betweenness centrality to the edges [24]. So, the
betweenness of edges (EB), as a natural generalization to edges of the vertex betweenness, is defined as the number of all the shortest paths on a network that run along a given
edge. Clearly, if the network consists of communities only loosely connected by a few
intercommunity edges, all shortest paths between vertices in different communities have
to go through few intercommunity edges. Then, the edges connecting communities will
have higher edge betweenness score than those inside the communities and by recursively
removing these edges, one can obtain a good community division of the network. The
information centrality has its property similar to the betweenness. In this paper, the edge
betweenness will be used in the following.
2.3 General procedure
Here, we shall try to detect communities in networks by combining global and local structural measures, i.e. the edge betweenness (EB) and the local similarity measure (LLN or
176
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NC). First of all, for each edge of the original network, we shall redefine the edge weight
by the similarity measure (LLN or NC) between the two vertices connected by the edge,
and then a new weighted network can be obtained. Repeating the strategy on the new
weighted network, we can iteratively enlarge the differences between weights of interand intracommunity edges. After re-weighting the edges in the network, we shall divide
the virtual-weighted network. More formally, the general procedure of the new community detection algorithm is the following (for brevity, let LL-EB and NC-EB denote the
procedures with LLN and NC respectively).
Redefine the weight wi, j of the edges using LLN or NC.
Calculate the betweenness Bi, j for all edges in the original un-weighted network.
Remove the edge with the highest value of Bi, j /wi, j .
Recalculate the betweenness Bi, j for all edges affected by the removal, ignoring
the weights.
(5) Repeat step (3) until no edges remain.

(1)
(2)
(3)
(4)

The output of the new algorithm is in the form of a dendrogram, which represents an entire
hierarchy of possible community divisions of the network found by the algorithm. To get
a suitable community division of the network from the dendrogram, there are at least two
choices, e.g. by using the un-weighted modularity Q or the weighted modularity Q w , both
of which will be tried in the following sections. Given a weighted network partitioned into
communities, the definition of the weighted modularity [28] can be expressed as
 wrr  wr 2
−
Qw =
,
(3)
W
2W
r
where W is the total weight of the edges in the network, wrr is the total weight of edges
within the group r , wr is the weighted degree of group r , and the sum over all communities
in the given network. For un-weighted case, wrr becomes the number of edges within the
group r , wr the degree of group r , and W the total number of edges in the network. In
order to avoid confusion with the weighted case in the following sections, the un-weighted
modularity [27] is denoted by Q.
3. Application
In this section, we shall apply the new algorithms to the Girvan–Newman benchmark
[24] – a set of computer-generated networks where the pre-defined communities are
within the range of the resolution of modularity, the network with the pre-defined communities being out of the resolution of modularity – a generalization of the Girvan–Newman
benchmark, the LFR networks with more realistic network properties, as well as the
Zachary’s karate club network [46], and then compare the results with those by the
original GN algorithm.
3.1 Girvan–Newman benchmark
We have created a set of computer-generated networks, where pre-defined communities
are clearly within the range of the resolution of modularity. Each of these networks
Pramana – J. Phys., Vol. 80, No. 1, January 2013
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consists of four communities of 32 vertices. Each vertex has on average kin edges connecting it to vertices in the same community and kout edges connecting it to vertices
in other communities, with kin and kout chosen so as to keep the total expected degree
kin + kout = 16. With kout increasing from zero, the communities in the networks
become more and more difficult to identify. Different algorithms, when applied to these
networks, may give different results, reflecting their ability of detecting communities
in the networks.
Since the ‘real’ community structure is well known in these networks, here we shall
use the normalized mutual information measure (NMI) to evaluate the performance of the
detection algorithms, which can measure the amount of information correctly extracted
by the algorithms [25]. This measure is to estimate the similarity between the real and
the found communities. When they are perfectly matched, the NMI is 1. Otherwise, the
less is a match between the found and the real communities, the smaller is the value of
the NMI. Figure 1 shows the NMI between the real and the found communities in the
computer-generated networks by different algorithms as a function of the average number
kout of intercommunity edges per vertex.
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Figure 1. The normalized mutual information (NMI) between the real and the found
communities in the networks described in the text. The five curves show results in
these networks by five algorithms – as a function of the average number kout of the
intercommunity edges per vertex. LL5 (LL1) means that the LLN will be re-applied
five times (one time) to re-weight the edges of the networks (the random walk length
t = 3, though larger t-values can slightly improve the results of LLN, as shown in
[37]), and NC5 (NC1) means that the NC will be re-applied five times (one time)
to re-weight the edges of the networks. The inset in figure 1 shows the curves of
modularity Q (and Q w ) vs. the splitting step of the network with kout = 6. It clearly
indicates that the third splitting of the network produces maximum modularity values
for both Q and Q w . We found that all the algorithms give similar results in the test,
i.e. maximum modularity values for Q and Q w will be obtained almost at the same
splitting step of the networks.
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Because the communities in the artificial networks are within the range of the resolution
of modularity, similar results can be obtained by using the un-weighted modularity Q or
the weighted modularity Q w to choose the community divisions from the dendrograms
by different algorithms (see the inset in figure 1). In figure 1, as we see, all the algorithms
work very well, while for higher value of kout the new algorithms will work better, and the
results can be improved by more re-weighting iterations, especially for LLN. Moreover,
the result shows that LLN can give better outputs than NC. The reason may be that except
for the special dynamical processes and definition of LLN, NC only considers at most
four-order cycles containing the edge under study, while LLN with t-step random walk
is related to (2t + 1)-order cycles. For example, LLN with t = 3 may be related to
7-order cycles, which is clearly larger than NC’s. This can thus help LLN to extract much
information about communities more easily.

3.2 Generalization of Girvan–Newman (GN) benchmark
Here we generate a network where the pre-defined community structure is out of the
resolution of modularity. The network, which is a generalization of the Girvan–Newman
benchmark, contains two compartments (C1 and C2) (see the dashed line boxes in figure
2), and each compartment contains two communities of 32 vertices (C11 and C12 for
C1, and C21 and C22 for C2) (see the solid line boxes in figure 2). Each vertex has on
average kin1 edges connecting it to vertices in the same community, kin2 edges to vertices
of another community in the same compartment and kout edges to any other vertices at

Figure 2. The network example with kin1 = 11 and kin2 = 4, described in the text,
where the pre-defined community structure is out of the resolution of modularity (the
network was drawn by Pajek (http://vlado.fmf.uni-lj.si/pub/networks/pajek/)). The
network consists of four communities (C11, C12, C21 and C22), where C11 and C12
belong to compartment C1 while C21 and C22 belong to C2. C11, C12, C21 and C22
contain vertices (1–32), (33–64), (65–96) and (97–128), respectively.
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random in the network, with kin1 , kin2 and kout chosen so as to keep the total expected
degree kin1 + kin2 + kout = 16.
Feeding the network described above (see figure 2) to GN algorithm and the new algorithm respectively, we obtain the dendrograms as shown in figure 3. As we see, GN can
only identify two compartments in the test, each of which contains two communities (see
figure 3a), due to which it is very difficult to detect the communities within the compartments. In this case, it is clearly impossible to find four pre-defined communities from the
dendrogram in figure 3a by using the un-weighted or weighted modularity, while the new
algorithm can correctly reveal the four pre-defined communities. As shown in figure 3b,

Figure 3. The dendrograms obtained in the network with kin1 = 11 and kin2 = 4
by (a) GN, (b) the new algorithm. The dashed line in (a) corresponds to the split
into two compartments (C1 and C2) at the second level, obtained by the un-weighted
modularity, where C1 and C2 contain vertices (1–64) and (65–128), respectively and
the dashed line in (b) corresponds to the split into two compartments (C1 and C2) at
the second level, obtained by the un-weighted modularity. The dotted line corresponds
to the split into four communities (C11, C12, C21 and C22) at the first level, obtained
by the weighted modularity, where C11, C12, C21 and C22 contain vertices (1–32),
(33–64), (65–96) and (97–128), respectively.
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the network is first split into two compartments, and then is divided into four communities. In this case, the community division of the four communities can be found, if the
weighted modularity Q w is used to select the community division from the dendrogram,
while the un-weighted modularity Q can only see the two compartments due to its resolution limit problem (note that the optimization of un-weighted modularity will fail in the
test too, due to the same reason). It is clear that, re-weighting the edge weight with the
local similarities can help in improving the resolution of modularity.

3.3 LFR network
The Girvan–Newman benchmark is a class of classical and simple test networks for
community detection, but it lacks some important properties in real networks. In [48],
Lancichinetti, Fortunato and Rachicchi (LFR) proposed a class of more general community detection benchmarks, which have more realistic network properties such as
power-law distributions of vertex degree and community size. The vertex degrees and
community sizes of the benchmark network are determined by power-law distributions
with exponents γ and β respectively, and the network contains a common mixing parameter μ that controls the ratio between the external degree of each vertex with respect to its
community and the total degree of the vertex. The larger the value μ of a network is, the
harder it is to detect communities in the network.
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BGLL

0.6
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0.6

0.7

Figure 4. The normalized mutual information (NMI) between the real and the found
communities in the networks described in the text. The six curves show results
obtained by six algorithms in the networks – as a function of the mixing parameter
μ. The LL-EB and NC-EB denote the new algorithms using the LLN and NC, respectively. BGLL denotes the modularity optimization algorithm introduced by Blondel
et al. LL(BGLL) and NC(BGLL) denote the enhanced versions of BGLL by using
LLN and NC to re-weight the edges in the networks, respectively. (The random walk
length t = 3, and all the similarity measures are re-applied five times to re-weighting
the edges in the networks.)
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We create a set of undirected binary networks with 1000 vertices. The exponent of
the degree distribution is −2, and the exponent of the community size distribution is −1.
For other parameters, the default values provided by the algorithm are used. The mixing
parameter varies from 0.1 to 0.7. With μ increasing, the communities in the networks
become more and more difficult to identify. Figure 4 shows the performance comparison
of five algorithms on the networks. As shown in figure 4, the results are similar to those in
§3.1 – our new algorithms work better for higher value of μ and LLN clearly outperforms
NC. On the same plot, we also show the results of the modularity optimization algorithm
of Blondel et al [49] (BGLL) and its enhanced versions respectively by using LLN and
NC to re-weight the edges in the networks. Similarly, the two enhanced-version algorithms outperform the original BGLL. More interestingly, the figure shows that our new
algorithm with LLN clearly outperforms all the other algorithms in the test, including the
BGLL and its enhanced versions.

3.4 Zachary’s karate club network
The Zachary’s karate network represents how the friendly relations between the 34 members in a karate club have split into two groups during Zachary’s study, due to the
disagreement between the administrator and the instructor of the club (see figure 5a)
[46]. The network has become a well-known benchmark to test community detection
algorithms. The new algorithm can correctly divide the club network into the two realworld groups in the first splitting (see the dashed line in figure 5b), while GN has one
misclassified vertex, vertex 3, in the network. The community division of the network
corresponding to the maximum of the weighted modularity is the same as in the unweighted case, consisting of five groups including one single vertex, vertex 10 (see the
dotted line in figure 5b).
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Figure 5. (a) The network of friendly relations between members in the karate club.
The administrator and the instructor are represented by vertices 1 and 33, respectively.
The squares represent individuals who aligned with the club’s administrator after the
split of the club, open circles represent those in the group of the instructor. (b) The
dendrogram obtained by the new algorithm in the karate club network. The dashed line
corresponds to the splitting into two communities that perfectly match the real-world
split of the club, as denoted by the shapes of the vertices. The dotted line corresponds
to the community division of the network containing five communities, according to
the maximum of the weighted modularity.
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4. Conclusions and discussions
In this paper, we studied the community detection algorithms using global and local
structural information, where the edge betweenness and local similarity measures based
respectively on local random walk dynamics and local cyclic structures were used. We
tested the new algorithms on the Girvan–Newman benchmark networks and its generalization, the LFR benchmark networks, as well as the Zachary’s karate club network. The
results show that the new algorithms can work very well, and the local similarity measure
based on local random walk dynamics (LLN) can give better results than based on local
cyclic structures (NC). Interestingly, our results also show that the new algorithm with
LLN can outperform the BGLL with LLN that has excellent performance [37].
In our methods, we have to first produce the output in the form of dendrogram (tree),
and then we can select the final community division by modularity. In some sense, our
methods can be regarded as a heuristic for finding the optimal modularity, if the optimum
is consistent with the natural community division of the networks. But, they do not depend
on modularity, and thus are not affected by the resolution limit problem. As we know,
one can also make use of other quality functions or principles of communities, such as the
local modularity [50] and the strong or weak definitions of communities [9], to determine
the final output of the methods, and in some cases, they may be able to do better. Take
the clique-ring network model as a simple example (shown in figure 6). Our methods will
be able to produce a clear dendrogram in which all the cliques can be discovered. One
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Figure 6. (a) An example of 6-vertex-clique-ring network model (the network was
drawn by Pajek (http://vlado.fmf.uni-lj.si/pub/networks/pajek/)). (b) The number
(Nc ) of 6-vertices cliques in the test networks vs. the number of groups detected
by different methods. Our new algorithms (New) can find out all the cliques in the
networks and correctly recover the number Nc of the cliques by using the strong or
weak definitions of communities [9]. The modularity-based algorithms (Mod) such
as BGLL [49] can discover the cliques for small values of Nc , while they will fail
for large values of Nc , because of the resolution limit problem of modularity. The
conclusion of Mod can also be extended to the combination of our algorithms and
modularity.
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can easily obtain a reasonable community division from the dendrogram by the weak or
strong definitions, while the modularity will fail, when the resolution limit problem of
modularity appears in the networks of this type (see figure 6). Moreover, [51] recently
show a phase transition in the spectral modularity optimization algorithms based on the
eigenvectors of modularity matrix [51], which indicates a regime of detectability of such
methods. This transition, which can be calculated theoretically in the stochastic block
model, is of interest. The phenomena appear in the spectral methods, but may also exist in
other community detection methods, such as the Bayesian maximum-likelihood method
[36] and the community detection methods in this paper.
As we know, the vertices in the same communities are generally more similar, and
thus the edges between them will have higher values of similarity measures. Redefining
the weight of the edges with the similarity measures can help in increasing the difference between the intra- and intercommunity edges, making the community structure in
the network clearer and easier to be detected. Many similarity measures are proposed and
discussed in [40,45,46]. They will also be helpful to some extent for community detection.
And, one can expect that any reasonable way to increase the difference between the intraand intercommunity edges may be used to enhance the ability of the community detection. Further, one can take into account the combination of different community detection
methods, by using the strategy of redefining the edge weight in networks. Finally, we hope
that the study should help one to understand the community structure in the networks and
to enrich the studies of community detection algorithms in the networks.
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