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Abstract

On the basis of analyzing the classical algorithms of network clustering and community detecting, a new
algorithmic method of discovery of community was brought up, which has different thinking from previous
algorithms. In this method a general network is looked upon as a corresponding electrical network firstly,
the link in between the connected pairs of nodes is substituted by a fixed resistor, and then compute
all the resistance distance between nodes. Simultaneously, according to the properties of small world
and scale-free, each community has some center nodes with the larger degree. The algorithm decides
the center nodes of community by using both the resistance distance and degrees of nodes; whereafter
compares the resistance distance in between other nodes and center nodes for clustering the network.
The experiment results show that the algorithm is stable and reliable and can accurately obtain the
division of community structure.
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1 Introduction

As the physical significance and mathematic feature of networks are intensively studied, people
find many properties in real-world networks, such as the power-law degree distributions, average
path length, betweenness and high clustering coefficients [1, 2]. There are other some topology
characteristics of complex network evolution model,such as small-world and scale-free character-
istics. And the so-called community structure is also another important topology property of
complex network [3, 4], which have attracted a large amount of interest in the world recently. A
community in networks is a group of nodes that are similar to each other and dissimilar from
the rest of the network. Now, many people think a whole network is made up of communities,
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and nodes within every community connect to each other densely and nodes in different commu-
nity sparsely [5, 6]. Many complex systems, such as social networks [5], biochemical networks
[7], and information networks such as the web [8, 9], have already been shown to possess strong
community structure.

There is of great significance to researching the community structures of networks, for they
often correspond to some functional units. And finding communities and attempting to analyze
them become a very important way to know all kinds of network organization structures, and has
lots of practical applications. For example, in a network of biomolecular, nodes in the same com-
munity generally take a specific role or have specific function, that can help us better understand
the organizational principles of the cell, and identify important biological pathways for further
studies [10, 11]; identifying communities from a collaboration network may suggest evolution and
development of research areas and so on [12].

So, plenty of algorithms are put forward to discover communities in complex networks. Kernigh-
an-Lin algorithm is a famous heuristic optional algorithm [13]. It introduces a gain function for
network division, and its optimization goal is to obtain the minimum of the subtraction of within-
and between-community edges. It uses a greedy strategy, so consequently the algorithm ends up
in a local optimum rather than a global optimum. Moreover, the algorithm is very sensitive
to the choice of the initial solution, and it partition a network into only two divide, so it has
big limitations for practical application. Another well-known algorithm is Girvan and Newman’s
divisive approach (GN algorithm) [6], which is based on the iterative removal of edges with
high “betweenness” scores that appears to identify such structure with some sensitivity. The
main idea here is that edges that run between communities have higher betweenness values than
those that lie within communities. By successively recalculating and removing edges with highest
betweenness values, the network breaks down into disjoint connected components. Subsequently,
Newman proposed a fast algorithm (FN algorithm) [14], which also used a greedy strategy. In the
algorithm Newman quantified these statistical results by a measure called modularity (Q), and
he evaluated the quality of community structure by optimizing the value of modularity (Q), then
transformed community discovery to an optimization problem. But optimizing Q is a NP-hard
problem, so it is almost certainly the case that no polynomial-time algorithm exists that will find
the modularity optimum in all cases.

In recent years, spectral clustering methods rise gradually [15, 16], which apply to a complex
network for partition now. These methods attempt to globally optimize cost functions such as
the Normalized Cut measure, and the majority of these methods make great efforts to balance
the size of the clusters while minimizing the interaction between dissimilar nodes. For instance,
Newman made the modularity expressed in terms of the eigenvectors of a characteristic matrix
for the network by a modularity matrix [17], and proposed a spectral approach used to partition
community structure. All these methods depend on the eigenvectors of the Laplacian matrix or
its relatives of a graph.

In this paper, we bring up a different method for the discovery of communities, which is based
on the theory of resistive electrical network [18] and the properties of small world and scale-free.
In the method, a general network expressed by an undirected weighted connected graph is first
considered as an electrical network, and then the vertices of the graph correspond to junctions in
the electrical network and the edges of the graph to unit resistors. Then the effective resistance
between pairs of vertices is a graphical distance. At the same time, we know, if a network has
communities, each community has more than one center nodes with the larger degree. So, our



B. Lu et al. /Journal of Computational Information Systems 8: 23 (2012) 9807–9814 9809

method attempt to use the resistance distance and the degree of nodes to determine center nodes
of communities together, cluster networks, and then find community structure in networks.

2 The Method

Many researchers found a general network was similar to an electrical network one after another
[18, 19]. So a general network expressed by a connected graph can be transforms into an electrical
network.

In general, let an undirected weighted graph G = (V,E,W ) be a network, where V is a set of n
vertices, E is a set of m edges between vertices, and W is a set of weight values on the edges and
usually the edges are weighted by 1. According to the knowledge of electrical network, a network
can be regard as an electrical network, as shown in Fig.1.

Fig. 1: network G transforming into corresponding electrical network N

Fig.1 illustrates a sample network turning into an electrical network. If every edge of G is
replaced by a fixed resistor and weight values are looked upon as resistance values, an electrical
network N comes out corresponding to G. And then, the resistance distance between the vertices
of G, denoted by Rij, defined to be the effective electrical resistance between nodes i and j of
the network , that is, R = (Rij) is called the resistance distance matrix of the network N . The
quantities Rij are calculated by methods of the theory of resistive electrical networks based on
Ohm’s and Kirchhoff’s laws.

According to Ohm’s law, there is an important property about the resistance distance. That
is, in general, the more the path in between two nodes, the smaller the resistance distance in
between them, and vice visa. This is corresponding to the clustering thought such as “a high
density of within-group edges and a lower density of between-group edges”, and this is the one of
principal thought of our method.

However, by applying the Ohm’s law, the computation of the resistance between any two nodes
is very complex and fussy. The computation requires us to consider all the paths between them,
thus it is not practical to process in batches automatically by computer for a network with a
whole lot of nodes. Luckily, there are some other ways to compute resistance distance[19, 20].
Let A = (Aij) be the adjacency matrix of G, and let D = (Dij) be the diagonal degree matrix
of and let L = (Lij) be the Laplacian matrix of G. Usually, A is equal to W . Thereupon, the
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effective resistance in between node i and j can be computed as follows:

Di,j =
n∑

j=1

Aij. (1)

L = D − A. (2)

Ri,j = L+
i,i + L+

j,j − 2L+
i,j. (3)

Where L+ represents pseudo-inverse of L, L+ = (L + 1
n
J)−1 − 1

n
J and J is the square matrix

of order n all of whose elements are unity.

At first, we attempt to consider the two nodes with the farthest resistance distance as the
center nodes of two communities. However, through careful experiment it partitions a network
into only two divide like the Kernighan-Lin algorithm and is not accurate enough to partition a
network by only applying the resistance distance sometimes. So, we bring to mind another thought
about complex network. That is, the small-world and scale-free properties. A complex network
with obvious community structures is prone to a small-world model, and every community is
corresponding to a small world. And in each community, there are more than one node with the
larger degree, and other nodes with the smaller degree. This severe unevenness is corresponding
to the scale-free characteristic of the complex network as well. Then, those nodes with the larger
degree, we call center nodes of communities, can be used to the discovery of community. In other
words, we can study the relationship between a node and center nodes of communities, instead
of studying any node belongs to which community. There are less than one center nodes, and
finding the center nodes means finding communities.

Under ideal condition, the node with the largest degree can be look upon as the center node of
the first community, and the node with the second largest degree can be look upon as the center
node of the second community, and the rest similar. But it is possible that the largest nodes
are in the same community and cannot partition into divides accurately in practice. Then, we
partition a network by using both the resistance distance and the degree of nodes.

Suppose our network contains k communities. For a particular division of the network into k
groups, we must determine k nodes as the center nodes of communities. Let C be a set used to
save the center nodes of communities. Then, the number of elements in C is k, and Ci expresses
the center node of the i-th community. Borrowing ideas from [21], an evaluation formula about
whether to determine node i as the center node of a community is as follows:

Mi =
∑
j∈C

Dα
ii ×Rβ

ij. (4)

Where α and β respectively represents weight coefficient of degree of nodes and resistance
distance, and α + β = 1.

According to Eq.(4), we can obtain a search strategy, and its key steps are as follows:

(1) Compute the degrees of each node, and make the node with the largest degree as the center
node of the first community, store it in C.

(2) From the node with the largest degree (which is not in C), compute the M-value by Eq.(4).
Store the node with the maximal M-value in C.

(3) Repeat the step 2, until there are k nodes in C.
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After obtain the center nodes, we compare the resistance distance in between the rest node and
center nodes in turn. Then, for any node i, it belongs to community j if Ri,Cj

is minimal in all
the resistance distance in between node i and center nodes.

3 Experiments and Discussion

We present a number of tests of our method on computer-generated graphs and on real-world
networks for which the community structure is already known. The results indicate that our
method is stable and reliable. In each case we find that our algorithm reliably detects the known
structure. In consideration of clear expression, two sample examples are presented to explain our
method in detail.

First, we apply our method to a set of artificial, computer-generated graph G depicted in Fig.1.
We cluster G into 2 clusters, that is to say k = 2, and the result is shown in Fig.2. With
calculation of the degree of nodes, we know the node with the largest degree is node F, whose
degree is 5, and then let it be the center node of the first community. Next, let both α and β be
equal to 0.5, and then the maximal M-value appears at the node H, and its value is 2.7534; let
node H be the center node of the second community. Finally two communities are partitioned
by applying our method, and the simulation effect is shown in Fig.2.

Fig. 2: Simulation effect of community finding on the network G

Nevertheless, if center nodes of communities are measured only by degree of nodes, then node
F with the largest degree would be chosen to be the center node of the first community. Next,
there are five nodes with the largest degree, which are node A,D,E,H, and G. It is very possible
to choose node A,D, or E as the center node of the second community. But in fact node A,D,
and E are in the same community with node F , so it is inaccurate to partition the network into
communities.

If center nodes of communities are measured only by resistance distance, then, By calculating,
we know the resistance distance in between node C and nodeK is maximal in all the nodes, whose
value is 2.2738. Let the two nodes be center nodes of two communities, partition the network
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accurately but only into two divides. This method cannot partition the network into more two
divides.

Second, we apply our method to sets of a few real-world networks also, such as Zachary’s karate
club friendship network[22]. The karate club network represents friendships between 34 members
of a karate club at a US university, as recorded over a two-year period by Zachary. During the
course of the study, the club split into two factions centered around the administrator and the
teacher as a result of a dispute within the organization, and the members of one fraction left to
start their own club. In the karate club network, the node with the largest degree is node 34,
whose degree is 17. Let it be the center node of the first community. Let both α and β be equal
to 0.5 likewise, and then the maximal M-value appears at the node 1, and its value is 2.0152; let
node 1 be the center node of the second community. Finally two communities were partitioned
by applying our method, shown in Fig.3. In Fig.3, squares represent individuals who ended up
aligning with the clubs administrator after the fission of the club, up triangle those who aligned
with the instructor.

Fig. 3: Clustering result of Zacharys karate club network

We also measured center nodes of communities only by degree of nodes. Because there was
only one node with the largest degree and the second largest degree respectively, and they were
in the different communities. So, the two communities can be partitioned accurately.

When we measured center nodes of communities only by resistance distance, We knew the
resistance distance in between node 12 and node 17 was maximal in all the nodes, whose value
was 1.8333. Let the two nodes be center nodes of two communities, the two communities could not
be partitioned accurately, for the two nodes were in the same community in fact. Consequently,
the two factors must be considered for center node measurement.

In addition, our algorithm is more accurate than both GN algorithm and FN algorithm. GN
algorithm divided node 3 of Zachary’s karate club network into another community in error,
and FN algorithm divided node 10 of Zachary’s karate club network into another community by
mistake. However, the result of our algorithm coincided with the reality.

In other test, we apply our method to another real-world network, bottlenose dolphin social
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network, which was analyzed by Lusseau et al.[23]. There were 62 bottlenose dolphins living
in Doubtful Sound, New Zealand, with social ties between dolphin pairs established by direct
observation over a period of several years. Then, in the network there were 62 nodes and edges
were set between animals that were seen together more often than expected by chance. By our
algorithm, node 15, the dolphin named as jet, and node 18, the dolphin named as Grin, became
the center nodes of two communities. Then the dolphins separated in two groups accurately,
represented by the circles and squares, and one group includes 41 members, and another group
includes 21 members, shown in Fig.4.

Fig. 4: Clustering result of Dolphin social network

4 Conclusions

In this paper a new algorithmic method has been described for discovering community structure
from networks, which has different thinking from previous algorithms. The algorithmic method
has been applied to a variety of real-world network data sets and computer-generated data sets.
For all cases, our algorithmic method is able to detect right community structures, and the method
is proved to be applicable and effectual. But it has a disadvantage that the cluster number must
be preestablished. The next work is to decide the value range of the two parameters α and β,
and research the properties of our method by more experiments. We find that the method was
more effective to the networks with obvious community structures. We believe, our method can
bring people much enlightenment and will have more wide range of applications, and it will be
an important one in the big family of algorithms of detecting community structure of network.
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