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Abstract: Identification of (overlapping) communities/clusters in a complex network is a general problem in 
data mining of network data sets. In this paper, the bacterial chemotaxis (BC) strategy is used to maximize the 
modularity of a network, associating with a dissimilarity-index-based and with a diffusion-distance-based fuzzy 
c-means clustering iterative procedure. The proposed algorithm outperforms most existing methods in the 
literature as regards the optimal modularity found. Experimental results indicate that the new  
algorithm is efficient at detecting both good clusterings and the appropriate number of clusters.  
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

In recent years we have seen an explosive growth 
of interest and activity as regards the structure and 
dynamics of complex networks [1, 2]. This is partly 
due to the influx of new ideas, particularly ideas from 
statistical mechanics, to the subject, and partly due to 
the emergence of interesting and challenging new 
examples of complex networks such as the internet 
and wireless communication networks. Network 
models have also become popular tools in social 
science, economics, the design of transportation and 
communication systems, banking systems, etc., due 
to our increased capability of analyzing these 
models [3, 4]. One of the key problems in the field is 
‘How to describe/explain its community structure’. 
Generally, a community in a network is a subgraph 

whose nodes are densely connected within itself but 
sparsely connected with the rest of the network. 
Many studies have verified the 
community/modularity structure of various complex 
networks such as protein-protein interaction network, 
worldwide web network and co-author network. 
Clearly, the ability to detect community structure in a 
network has important practical applications and can 
help us understand the network system. 

Although the notion of community structure is 
straightforward, construction of an efficient 
algorithm for identification of the community 
structure in a complex network is highly nontrivial. A 
number of algorithms for detecting the communities 
have been developed in various fields (for a recent 
review see Ref. [5] and a recent comparison paper 
see Ref. [6]). The basic idea is to associate the 
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network with the random walker Markovian 
dynamics [7]. This can motivate us to solve the 
partitioning problem by analogy with the traditional 
k-means algorithm [8] under this measure. Another 
work [9] is also along the lines of random walker 
Markovian dynamics, but then introduces the 
diffusion distance on the space of nodes and 
identifies the geometric centroid in the same 
framework. This proximity reflects the connectivity 
of nodes in a diffusion process. The final 
minimization problem under this distance can also be 
solved by a k-means algorithm [9]. 

In traditional clustering literature, the family of 
standard k-means algorithms is based on the 
optimization of a specified objective function with 
the known number of clusters [8]. However, people 
are sometimes required to determine the number of 
communities of the optimal network partition and 
encounter the difficulty that the objective function in 
k-means approaches usually decreases as the number 
of communities increases. To overcome this 
weakness, we choose a widely used concept of 
modularity [5, 10-12] as a valid measure for network 
partitioning, which has larger values indicating 
stronger community structure. Then bacterial 
chemotaxis can be used to search for the maximal 
value of the modularity. In addition, we use fuzzy c-
means clustering instead of the k-means algorithm. 
Such bacterial chemotaxis with fuzzy c-means 
algorithm is first proposed here and quite different 
with the previous work [6], since the process of 
iteration accelerates the tendency of maximizing the 
modularity function. The advantage is that this 
category of method can not only identify the 
community structure, including the number of 
communities, but also give the central node of each 
community. The center of a community can convey 
the information of how important a status it has 
among the members of the same group, since people 
are sometimes interested in the characterization of the 
communication in small groups and assume a relation 
between structural centrality and influence in group 
processes [13, 14]. 

We constructed our algorithm-bacterial 
chemotaxis with dissimilarity-index-based fuzzy c-
means (BCDI) and bacterial chemotaxis with 
diffusion-distance-based fuzzy c-means (BCDD)-for 
network partition. Experimental results indicate that 
the new algorithm is successfully applied to several 
real-world networks, including the karate club 
network, the dolphins network and the American 
football team network.  

The rest of the paper is organized as follows. In 
Section 2, we briefly introduce the two measures for 
proximity of nodes in networks, including the 
dissimilarity index and the diffusion distance. After 
reviewing the concept of modularity and the basic 
idea of bacterial chemotaxis, we propose our 
algorithm and the corresponding strategies in 
Section 3. In Section 4, we test our method using 
artificial networks and real-word networks. The 
conclusion is provided in section 5. 

2. The Measures of Proximity Between 
Nodes in Networks 

 
In Ref. [15], an index of dissimilarity between 

pairs of nodes is defined, with which one can 
measure the extent of proximity between nodes of a 
network. Let ),( ESG  be a network with n  nodes 

and m  edges, where S  is the node set, 

{ } SyxyxeE ∈= ,),(  is the weight matrix and ),( yxe  

is the weight for the edge connecting the nodes x  
and y . We can relate this network to a discrete-time 

Markov chain with stochastic matrix )),(( yxpP =  

whose entries are given by 
 

)(

),(
),(

xd

yxe
yxp = , 

∈

=
Sz

zxeyxd ),(),( , (1) 

 
where )(xd  is the degree of the node x  [7, 16, 17]. 

Suppose the random walker is located at node x . The 
mean first-passage time ),( yxt  is the average 

number of steps that it takes before it reaches node 
y  for the first time, which is given by 
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It has been shown that ),( yxt  is the solution of 

the linear equation 
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where )(yB  is the matrix formed by replacing the y-

th column of matrix P  with a column of zeros [15]. 
The difference in the perspectives of nodes x  and y  

as regards the network can be quantitatively 
measured. The dissimilarity index is defined by the 
following expression: 
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We take a partition of S  as k
N
k SS 1=∪=  with 

φ=∩ lk SS  if lk ≠ . If two nodes x  and y  belong 

to the same community, then the average distance 
),( zxt  will be quite similar to ),( zyt ; therefore the 

network's two perspectives will be quite similar. 
Consequently, ),( yxΛ  will be small if x  and y  

belong to the same community and large if they 
belong to different communities. The center )( k

I Sm  

of community 
kS  can be defined as 
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where 

kS  is the number of nodes in community 
kS . 

This is an intuitive idea for choosing the node that 
reaches others in the same community with the 
minimal average dissimilarity index as the center. 

The main idea of Ref. [9] is to define a system of 
coordinates with an explicit metric that reflects the 
connectivity of nodes in a given network and the 
construction is also based on a Markov random walk 
on networks. This Markov chain has the stationary 

distribution 
 ∈

=
Sz

zd

xd
x

)(

)(
)(μ  and it satisfies the 

detailed balance condition 
),()(),()( xypyyxpx μμ = . The diffusion 

distance ),( yxD  between x  and y  is defined as the 

weighted 2L  distance 
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where the weight 1)( −zμ  penalizes discrepancies on 

domains of low density more than ones on domains 
of high density. This notion of proximity of nodes 
reflects the intrinsic geometry of the set in terms of 
connectivity of the nodes in a diffusion process. The 
transition matrix P  has a set of left and right 
eigenvectors and a set of eigenvalues 

01 110 ≥≥≥≥= −nλλλ  : 
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Note that μψ =0

 and 10 =ϕ . We also have 

)()()( xxx ii μϕψ = . Let q  be the largest index i  

such that 1λδλ >i  and if we introduce the 

diffusion map 
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Then the diffusion distance ),( yxD  can be 

approximated to relative precision δ  using the first 
q  non-trivial eigenvectors and eigenvalues 
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The geometric centroid )( kSc  of community 

kS  
is defined as 
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where  ∈
=

kSxk xS )()(
^

μμ  [9]. Here )( kSc  may 

not belong to the set { } Sxx ∈Ψ )( . In order to obtain 

representative centers of the communities that belong 
to the node set S , we introduce the diffusion center 

)( k
D Sm  via 
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3. Bacterial Chemotaxis to Maximize 

Modularity with Fuzzy C-means 
Algorithm 

 
In recent years, a concept of modularity proposed 

by Newman [5, 10-12] has been widely used as a 
measure of the particular partition of the network into 
groups, with larger values indicating stronger 
community structure. For a given partition  

{ }N

kkS 1= , the modularity Q  can be written in the 

following form: 
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where 
m

ydxd
yxp E

2

)()(
),( = . This model has been 

studied in the past in its own right as a model of a 
network, and is also closely related to the 
configuration model, which has been widely studied 
in the physics literature [11]. Some existing methods 
are presented for finding good partitions of a network 
into communities by optimizing the modularity over 
possible divisions, which has proven highly effective 
in practice [6]. Our work is different from the earlier 
ones since we are using bacterial chemotaxis to find 
the maximum of Q  with a fuzzy c-means iterative 

procedure, which can accelerate the tendency of 
maximizing the modularity. 

Bacterial chemotaxis algorithm is a newly 
developed stochastic gradient evolutionary algorithm. 
Differed from the interaction models for behavior of 
social insects, a bacterium is considered individual 
and social interaction is not used in the model. The 
movement of bacteria depends on its direction and 
the duration of the next movement step while this 
information is obtain by comparing an environmental 
property at two different time steps. On account of its 
simplicity and robustness, this evolution strategy is 
worthy of further research. 

In order to describe the optimization algorithm of 
bacterial chemotaxis clearly, the motion of a single 
bacterium in two dimensions is as follows. The 
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strategy in n-dimension can be found in [17]. BC is 
presented below: 

1) Compute the velocity which is assumed to be a 
constant value 
 

 constv = , (13) 
 

2) Compute the duration of the trajectory τ  from 
the distribution of a random variable with an 
exponential probability density function 
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The time T  is given by 
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where 0T  is the initial mean time; 

prf  is the 

difference between the actual and the previous 
function value; prl  is the length of the previous step; 

b  is the dimensionless parameter. 
3) Compute the new direction. The probability 

density distribution of the angle α  between the 
previous and the new direction is Gaussian and reads, 
for turning right or left, respectively 
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where the expectation value is ( ) 62E Xμ = = °  

and the standard deviation is ( ) 26Var Xσ = = ° . 

When 0/ <prpr lf , the variation of the expectation 

value and the variance are indicated as follows: 
 

 ( )( )62 1 cosμ θ= ° − , (17) 

 
 ( )( )26 1 cosσ θ= ° − , (18) 

 
 ( ) prce ττθ −=cos , (1) 

 

where cτ  is the correlation time, and 
prτ  is the 

duration of the previous step.  

4) Compute the new position. 
 

 lnxx uoldnew += , (20) 

 
where the length of the path l  is given by vtl =  and 

the normalized new direction vector is 
un . In 

summary, there are four parameters to be determined: 

0T , v, 
cτ , v . In order to improve the algorithm, the 

automatic change of all strategy parameters is 
adapted during the optimization. The whole 
procedure of the bacterial chemotaxis with the 
dissimilarity-index-based fuzzy c-means algorithm 
(BCDI) is summarized below. 

1) initialize the partition { }N

kkS 1
)0(

=
 randomly;  

2) Compute the centers { }N

kk
I Sm 1

)0( )( =  according 

to (5), and then calculate the initial trajectory  
using (12);  

3) Compute the optimal solution { }N

k
n

k
I Sm 1

)( )(
*

=  
using bacterial chemotaxis algorithm and fuzzy c-
means algorithm. 

The advantage of our algorithms is that they 
overcome the weaknesses of the traditional clustering 
search that the optimal prediction error is decreasing 
as the number of the clusters increases. The bacterial 
chemotaxis algorithm can efficiently and 
automatically determine the number of communities 
N  without fixing it as a known model parameter, 

and the initial partition { }N

kkS 1
)0(

=  can be randomly 

chosen. The problem can be solved by means of 
another approach of searching over all possible N  
using the two fuzzy c-means algorithms. But this will 
have extremely high cost since for each fixed N , the 
fuzzy c-means procedure should be operated for 1000 
to 5000 trials due to its local minimum. 
 
 

4. Experimental Results 
 

We have implemented the proposed algorithm by 
Matlab and present the analysis of two real networks, 
i.e. the Zachary’s karate club network and the 
American college football team network for better 
understanding the differences between our method 
and traditional method. 

The famous karate club network analyzed by 
Zachary is widely used as a test example for methods 
of detecting communities in complex networks [1,8]. 
The network consists of 34 members of a karate club 
as nodes and 78 edges representing friendship 
between members of the club which was observed 
over a period of two years. Due to a disagreement 
between the club’s administrator and the club’s 
instructor, the club split into two smaller ones. The 
question we concern is that if we can uncover the 
potential behavior of the network, detect the two 
communities or multiple groups, and particularly 
identify which community a node belongs to. The 
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network is presented in Fig. 1, where the squares and 
the circles label the members of the two groups. The 
results of traditional method and our analysis are 
illustrated in Fig. 2. The traditional method combined 
with Q function divides the network into three parts 
(see in Fig. 2A), but we can see that some nodes in 
one cluster are also connected densely with another 
cluster such as node 9 and 31 in cluster 1 densely 
connecting with cluster 2, and node 1 in cluster 2 
with cluster 3. Fig. 2B shows the results of our 
method, from which we can see that node 1, 9, 10, 31 
belong to two clusters at the same time. These nodes 
in the network link evenly with two clusters. Another 
thing is that the two methods both uncover three 
communities but not two. There is a small 
community included in the instructor’s faction, since 
the set of nodes 5, 6, 7, 11, 17 only connects with 
node 1 in the instructor’s faction. Note that our 
method also classifies node 1 into the small 
community, while traditional method does not. 

The second network we have investigated is the 
college football network which represents the game 
schedule of the 2000 season of Division I of the US 
college football league. The nodes in the network 
represent the 115 teams, while the links represent  
613 games played in the course of the year. The 
teams are divided into conferences of 8-12 teams 
each and generally games are more frequent between 
members of the same conference than between teams 
of different conferences. Fig. 3 shows how the 

modularity Q  and 
~

Q  vary with k with respect to 

traditional method and our method, respectively. Our 
method identified 11 nodes (teams) which belong to 
at least two communities (see Fig. 4, 11 red nodes). 
These nodes generally connect evenly with more than 
one community, so we cannot classify them into one 
specific community correctly. These nodes represent 
‘fuzzy’ points which cannot be classified correctly by 
employing current link information. Maybe such 
points play a ‘bridge’ role in two or more 
communities in complex network of other types. 

 
 

 

 
Fig. 1. Zachary’s karate club network. Square nodes and 
circle nodes represent the instructor’s faction and the 
administrator’s faction, respectively. 

 
 

Fig. 2. The results of both traditional method and our 
method applied to karate club network. A: The different 
colors represent three different communities obtained by 
traditional method   B: Four red nodes represent the overlap 
of two adjacent communities obtained by our method. 
 
 

 
 

Fig. 3. Q  and 
~

Q  values versus k with respect to traditional 

method and our method for the network of American 
college football team. 
 
 

 
 

Fig. 4. Fuzzy communities of American college football 
team network. 

 
 

5. Conclusion 
 

In this paper, we present a new method for 
detecting the community structure in complex 
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networks. Experimental results indicate that the new 
algorithm is successfully applied to several real-
world networks. We again point out that our 
algorithm can not only find the community structure, 
but also identify the central node of each community. 
The optimal number of communities can be 
efficiently determined without any prior knowledge 
about the community structure. The algorithm 
considered in this paper is efficient and deserved to 
be investigated. 
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