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Abstract. Community detection in networks has raised an important
research topic in recent years. The problem of detecting communities
can be modeled as an optimization problem where a quality objective
function that captures the intuition of a community as a set of nodes
with better internal connectivity than external connectivity is selected
to be optimized. In this work the Bat algorithmwas used as an optimiza-
tion algorithm to solve the community detection problem. Bat algorithm
is a new Nature-inspired metaheuristic algorithm that proved its good
performance in a variety of applications. However, the algorithm perfor-
mance is influenced directly by the quality function used in the optimiza-
tion process. Experiments on real life networks show the ability of the
Bat algorithm to successfully discover an optimized community structure
based on the quality function used and also demonstrate the limitations
of the BA when applied to the community detection problem.

Keywords: Community detection + Community structure - Social net-
works - Bat algorithm - Nature-inspired algorithms

1 Introduction

A social network can be modeled as a graph composed of nodes that are con-
nected by one or more specific types of relationships, such as friendship, val-
ues, work. The purpose of community detection in networks is to recognize the
communities by only using the information embedded in the network topology.
Many methods have been developed for the community detection problem. These
methods use tools and techniques from different disciplines like physics, chem-
istry, applied mathematics, and computer and social sciences [1]. One of the
main interests in social network analysis is discovering community structure.
A Community is a group of nodes that are tightly connected to each other and
loosely connected with other nodes. Community detection is the process of net-
work clustering into similar groups or clusters. Community detection has many
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applications including visualization, detecting communities of special interest,
realization of the network structure [2], ete. [3]. One of the recent techniques
in community detection is Girvan-Newman (GN) algorithm [4]. Girvan-Newman
is a divisive method that uses the edge betweenness as a measure to discover
the boundaries of communities. This measure detects the edges between com-
munities through counting the number of shortest paths between two specific
nodes that passes through a special edge or node. Later on Girvan and New-
man introduced a new technique called Modularity [5]. Modularity measures the
community strength of a partition of the network, where high Modularity means
strong community structure that has dense inter-connections between the com-
munity’s nodes, Thus the problem of community detection can be viewed as a
Modularity Maximization problem. Finding the optimal Modularity is an NP-
Complete problem, many heuristic search algorithms have been investigated to
solve this problem such as genetic algorithm (GA), simulated annealing, artificial
bee colony optimization (ABC) [1]. The remainder of this paper is organized as
follows. In Sect. 2 we formulate the community detection problem and show the
objective function used in the research. In Sect.3 we illustrate The Basic Bat
algorithm. In Sect.4 we illustrate our proposed algorithm. Section 5 shows our
experimental result on real life social networks. Finally we provide conclusions
in Sect. 6.

2 The Community Detection Problem

A social network can be viewed as a graph G = (V, E), where V is a set of
nodes, and F is a set of edges that connect two nodes of V. A community struc-
ture S in a network is a solution to the problem which is a set of communities of
nodes that have a bigger density of edges among the nodes and a smaller density
of edges between different sub-groups. The problem of detecting m communities
in a network, where the number m is unknown can be formalized as finding a
clustering of the nodes in m subsets that can best satisfy a given quality mea-
sure of communities F(S). The problem can be formalized as an optimization
problem where one usually wants to optimize the given fitness measure F(S) [6].

The objective function has a significant role in the optimization process; it’s
the “steering wheel” in the process that leads to good solutions. A lot of objec-
tive functions have been introduced to capture the intuition of communities,
and there does not exist a direct method to compare those objective functions
based on their definitions [7-9]. Network Modularity [5] is one of the most used
quality measure of communities in the literature. Modularity measures the num-
ber of within-community edges relative to a null model of a random graph with
the same degree distribution. We use community Modularity as our objective
function in the Bat algorithm.

3 Bat Algorithm

The Bat Algorithm (BA), that was presented by Xin-She Yang [10], is a new
meta-heuristic optimization algorithm derived by simulating the echolocation
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system of bats. It is becoming a promising method because of its good perfor-
mances in solving many problems [11].

Biological Inspiration. In nature, the echolocation behavior of bats used for
hunting and navigation, where a bat emits ultrasound pulses to the surrounding
environment, then listens back to the echoes in order to locate and identify
preys and obstacles as shown in Fig.1. Each bat in the swarm can find the
more nutritious area by individual search or moving forward towards a more
nutritious location in the swarm. The basic idea of the BA is to imitate the
echolocation behavior of bats with local search of bat individual for achieving
the global optimum.

At the beginning of the search, each individual bat emits pulses with low
frequency but with greater loudness in order to cover bigger area in the search
space, later on when a bat approaches from its prey, it increases its pulse emis-
sion rate and decreases the pulse loudness, this frequency/loudness adjustment
process can control the balance between the exploration and the exploitation
operations of the algorithm.

3.1 Bat Movements Description

Applying the algorithm to the optimization problem, generally a ‘bat’ represents
an individual in a population. The environment in which the artificial bat lives
is mainly the solution space and the states of other artificial bats. Its next
movement depends on its current state, velocity and its environmental state
(including the quality and state of the best bats in the swarm).

Let the state vector of an artificial bat x composed of n variables such that
z = (x1,%2,...,%,), and the velocity vector of artificial bat v composed of n
variables such that v = (vy,ve,...,v,), fi is the current frequency that moves
between frin and fiaz, v} is a new velocity selected according to Eq.2 and z!
a new state selected as in Eq. 3.

Where 3 € [0,1] is a random vector drawn from a uniform distribution, z*
is the current best global solution that is determined after selecting the best
solutions between all the n bats in the current population, Because the product
Aifi is the increase in velocity, then we can either use f; (or ;) to modify the
velocity while fixing the other parameter according to the problem type.

f\i = fmifn + (fma.x - fmin) * 18 (1)
vf =v 4 (af —2%) * fi (2)
zp =+ (3)

We chose f,,in = 0 and [, = 1, and draw initial frequency of each virtual
bat from a uniform distribution fo € [finin, frmaz)-

Performing a local search, one of the best solutions in the current population
is selected randomly, then a new solution is produced using 4, Where € € [0, 1] is
random number, and A; = (A!) is the average loudness of all bats in the current
population.

Tnew = Toid T €Al (4)
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Fig. 1. Shows the echolocation behavior of an Artificial Bat approaching its prey

3.2 Pulse Emission Rate and Loudness Description

Moreover, the pulse emission rate r and the loudness A of each virtual bat
must be updated when a new population generated, As soon as the bat found
its prey, its loudness decreases and pulse emission rate increases according to
Egs.5 and 6

At = Al (5)

it =01 — exp(—t)] (6)

where o and + are constants, after performing some experiments we chose a =
0.99, v = 0.02, r? = 0.01 and A? = 0.99, Also we can notice that Al « 0,
rt « r0 as the virtual bat gets closer to its prey ¢ < oo, which is rational since
a bat has just reached its prey and stops emitting any sound.

This update process will only occur when a new better solution generated,
which imply that this bat moves towards an optimal solution.

4 Proposed Algorithm

It is not possible to directly apply the Bat algorithm to the problem of commu-
nity detection. First the algorithm should be redesigned. In the current section
we illustrate the modified Bat algorithm so it can be applied to the community
detection problem. The algorithm is outlined in listing 1.

4.1 Parameters Redesign

The first step of modifying a BA for solving the problem of community detection,
To provide an appropriate scheme of representation of an individual artificial bat
in a population. The locus-based adjacency encoding scheme [12,13] is selected to
represent the solution. In that representation, each artificial bat state z composed
of n elements (x1,z3,...,7,) and each element can take a value j in the range
[1..n]. A value j set to the ith element is translated as an association between
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Input: A Network G = (V, E)
Output: Community membership assignments for network’s nodes
1 Initialize the parameters: pulse rates r;, loudness A;, Swarm size np, the
maximum number of iterations Max_Iterations
2 Randomly initialize each artificial bat in the swarm with a random possible
solution as its current state, the velocity of each bat, and calculate its fitness
3 repeat

4 Generate new solutions by adjusting frequency, and updating velocities and
locations /solutions [Egs. 2 to 4 and the modified Eqs. 7 and §]

5 if rand > r; then
6 Select a solution among the best solutions
7 Generate a local solution around the selected best solution
8 end
9 if rand < A; and f(z:) < f(xz.)) then

10 Accept the new solutions

11 Increase r; and decrease A;

12 end

13 te—1+4+1

14 until ¢t > Max_Iterations;
15 return the best solution achieved
Algorithm 1. Bat algorithm

node i and node j. Which means that, in the community structure detected,
nodes i and j will exist in the same community.

Normally the bat swarm will contain np artificial bats (AB). The bat current
state represents a solution in the search space and the fitness value of the solution
represents the amount of food resource at that location. The food condensation
in the location of an artificial bat is formulated as y; = f(x;), Where y; is the
fitness function value associated with x; calculated using Modularity quality
measure.

4.2 Bat Movement

Bat movement are described in Eqs. 1-3. In a discrete problem representation
such equations can not be applied directly. First the difference operator between
to bat position will be calculated using Eq. 7; where g(z;) is the group assignment
of node i in the solution represented by bat position .

= (r, — ) = lifg(:rt-)#g(m:)
=) ={ ) A 2o 0

Now Eq. 3 will be considered as uniform crossover between (z, z*) using veloc-
ity vector v as the mixing ratio controller, so the new position value will be
updated using Eq. 8.
pnEw {-E: if vy 21 (8)

¢ x; otherwise
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Fig. 2. Shows how a new solution is generated using e and the old solution X when
the average loudness A* = (.6.

4.3 Local Search

In order to create a new solution using Eq. 4, First € should be converted into
a vector of size n of uniformly distributed random numbers between 0 and 1,
then perform the generation process by selecting a new element from one of the
neighbors of the ith node when ¢; > A’, otherwise keep the old neighbor as
illustrated in Fig. 2.

4.4 Current Global Best

The Basic Bat algorithm uses x* the current global best solution in updating
all VB in the swarm, which will lead to moving all bats to the same location.
In optimization problems this will might lead to trap the algorithm in a local
optima. To overcome this problem instead of using one global best, we select n
top bats according to their fitness value, then for each VB update a randomly
selected VB from the current 1 top best is used. n is set 10 % of the population
size np by trail and error.

Since the algorithm employs stochastic process to find optimal solution,
it may converge to different solutions (non-deterministic). It is therefore not
uncommon to run the algorithm multiple 7" times i.e. number of restarts, start-
ing with initial different population in each iteration (chosen randomly) and
then returning the best solution found across all runs according to the objective
function used in the optimization process.

5 Experimental Results

In the section we tested our algorithm on a real life social networks for which
a ground truth communities partitions is known. To compare the accuracy of
the resulting community structures; we used Normalized Mutual Information
(NMI) [14] to measure the similarity between the true community structures
and the detected ones. Since Modularity is a popular community quality measure
used extensively in community detection, we used it as a quality measure for the
result community structure of all other objectives.
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Table 1. Modularity result

Zachary karate | Bottlenose dolphin | College football | Facebook
Modularity 0.4696 0.5498 0.612 0.753
Ground truth  0.4213 0.395 0.563 0.7234
NMI 10.6873 0.5867 0.84786 10.67374

We applied our algorithm on the following social networks datasets:

— The Zachary Karate Club: which was first analyzed in [15], contains the
community structure of a karate club. The network consists of 34 nodes. Due
to a conflict between the club president and the karate instructor, the network
is divided into two approximately equal groups. The network consists of 34
nodes and 78 edges.

— The Bottlenose Dolphin network: was compiled by Lusseau [16] and is
based on observations over a period of seven years of the behaviour of 62
bottlenose dolphins living in Doubtful Sound, New Zealand. The network
split naturally into two large groups.

— American College football network: [4] represent football games between
American colleges during a regular season in Fall 2000, nodes in the graph
represent teams and edges represent regular-season games between the two
teams they connect. Games are more frequent between members of the same
conference than between members of different conferences, the network is
divided into 12 conferences.

— Facebook Dataset: Leskovec [17] collects some data for the Facebook web-
site -10 ego networks. The data was collected from survey participants using a
Facebook application [7]. The ago network consist of a user’s —the ego node—
friends and their connections to each other. The 10 Facebook ego networks
from [17] are combined into one big network. The result network is undirected
network which contain 3959 nodes and 84243 edges. Despite there is no clear
community structure for the network, a ground truth structure was suggested
in [18].

For each dataset; we applied the Bat algorithm 10 restarts and calculated
the NMI and Modularity value of the best solution selected. This process
was repeated 10 times and average NMI and average Modularity is reported.
The Bat algorithm was applied with the following parameters values; number
of VB in the population np = 100 and the maximum number of iterations
Max_Iterations = 100.

Table 1 summarizes the average NMI and Modularity for the result obtained
using the Bat algorithm. We observed that the result for the each network is
better that its ground truth in term of Modularity.

The detected community structures for each network is visualized in Fig. 3.
Figure 3a shows a visualization of the result for the Zachary network. The original
division of the network is indicated by the vertical line and the detected structure
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is indicated by the nodes’ colors. As we can observe that the detected community
structure contains 4 communities with a high Modularity value = 0.4696 in which
the top level is similar to the original division of the network, however in the
detected structure each group is farther divided into two groups. Thus the NMI
of comparing the detected structure with the ground truth of Zachary network is
0.6873 i.e. 68 % of similarity between the two structures. Despite that the NMI
value is somehow low, it is not a major judgmental criteria of result for two
reasons. First the major quality criteria is Modularity value, since the algorithm
is optimizing Modularity objective. Second the know ground truth of the network
from the original study [15] might not be the optimal one and it is possible that
there is a more modular structure that the ground truth.

Figure 3b visualizes the result for the Bottlenose Dolphin network. As before
the original division of the network is indicated by the curved line and the
detected structure is indicated by the nodes’ colors. The original division of the
Bottlenose Dolphin network is divided into 2 groups with Modularity value of
0.395. The detected community structure by the Bat algorithm is divided into
5 groups and has a higher Modularity value of 0.5498. Regarding the College
football network; the original division of the network into conferences is high-
lighted in Fig. 3c; only edges between nodes from the same group are shown and
nodes’ color refer to which groups they belong to. From Fig. 3c we can observe
that some nodes never played any match with other nodes from their group.
The detected community structure for this network is shown in Fig.3d which
contains 10 communities with a more modular structure than the one shown in
Fig. 3c.

Figure3e shows a visualization of the largest 12 communities from the
detected community structure of the Facebook dataset. As we can observe that
each group show a dense connection between nodes from the same group and
spare or low interactions between nodes from different groups except for a few
nodes that has a large edge degree cross different groups such as nodes {1750,
476 and 294} which make group membership assignment a hard process for the
algorithm.

5.1 Comparison Analysis

Now we compare the result obtained by Bat algorithm with other methods in
the literature which are AFSA community detecton [19], Infomap [20], Fast
greedy [21], Label propagation [22], Multi-level or Louvain [23], Walktrap [24]
and leading Eignvector [25]. Each method is run 10 times for each dataset and
the average NMI and Modularity of the result community structure is reported.

Figure4 summarize the NMI and Modularity values for all methods. As we
can observe that in term of NMI; Bat algorithm produces a good result compared
to other methods as shown in Fig. 4a. In term of Modularity; Bat algorithm is
very competitive with other methods as shown in Fig.4b. For the small size
data set we can observe the Bat algorithm produce a community structure with
a high Modularity value compared to all other methods. Regarding the Facebook
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(¢) Original division of the College Football (d) Result for the College Football

&

(e) Result for Facebook dataset

Fig. 3. Visualizations of the result obtained by Bat Algorithm on each social network
dataset.
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datasets; Bat algorithm failed to produce a result with high Modularity value
compared to the other methods.

5.2

Discussion

As observed from our experimental result that the Bat algorithm performance is
promising for small size networks, however for a large networks Bat algorithms
performance is degraded compared to other CD algorithms. From our initial
analysis, we found there is no much diversity in the VB swarm over the search
space and the Bat algorithm does not explore a large region in the search space
for the following reasons:
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4. Average NMI and Modularity values of the result community structure obtained

by each algorithm.

— All the population is moving toward one position (Current global best z*).

Over iterations this will lead to all VBs will move/evolve to similar solutions.
Despite that we overcome this problem using 7 top global best, it decreased
its impact but did not eliminate it.

There is no operator/behavior that allow the VB to escape a local optima
or jump/explore new random regions in the search space. For example in
Genetic algorithm there exist a mutation operation that allow such behavior
even a simple mutation in the current solution could cause a large diversity
in the current population. Despite that Bat algorithm performance in other
application [11] that are continues in nature is very promising, however for
the community detection problem (discrete case) Bat algorithm performance
has some limitations.

The local search and Bat difference operator that we proposed for the com-
munity structure Sects. 4.2 and 4.3 are not optimal and it is not clear if they
are efficient in exploring the search space. It is possible for another design
to cause a significant improvement to the algorithm performance.
Accepting criteria for new solution has some limitation. The basic Bat
algorithm accept new solution only if it is better than the current global
best. This may constrain the number of moves that a bat can perform.
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6 Conclusions and Future Work

A discrete Bat algorithm is introduced for finding community structure in social
network. The locus-based adjacency encoding scheme is applied to represent a
community structure. The locus-based adjacency encoding scheme has a major
advantage that it enables the algorithm to deduce the number of communities
k without past knowledge about it. The BA uses Modularity Quality measure
as the fitness function in the optimization process. Experimental results demon-
strate that the performance of the bat algorithm is quite promising in terms of
accuracy and successfully finds an optimized community structure based on the
Modularity quality function for small size networks, however the performance is
degraded for large size networks. BA algorithm produce good result for the small
size network compared to other CD methods, however the result for the larger
networks does not compete with other methods. In future work we are going to
conduct an investigation of the discrete BA limitation introduced in Sect. 5.2 to
propose a new enhanced BA for the community detection problem and inves-
tigate other popular bio-inspired optimization algorithms, and apply it for the
community detection problem, then conduct an analytical study between those
methods to compare their performance.
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