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Preface

Complex networks such as soc:

such as social networks exhibit disproportionate connections among
nsely interconnected
groups of nodes within the network are

different nodes, resulting in de 1
groups of nodes. These highly connected

_ referred as communities, which have significant role in
understanding and uncovering various fii

" y nctional properties of the system. Today, introduction of
cial networki icati .
SO ng applications into cvery area of our lives makes social network analysis an

important :
impo research area. An important property of networks/graphs modeling complex systems is

 the property of community structure, in which nodes are joined together in ti

ghtly knit groups
i

- (communities or clusters), between which there are only looser connections. The problem of

detecting and extracting communities from such graphs has been the subject of intense

investigations in recent years. This problem is very hard and not yet satisfactorily solved.

Identification of communities has grown as one of the major research topics in social network

analysis.

In this thesis, we explore and work on this community detection problem. We frame the
problem as an optimization problem and hence explore the use of Evolutionary Algorithm i.e.
Genetic Algorithms (GAs) & Differential Evolution (DE) in solving the same. We have studied,
analyzed and implemented several existing algorithms including standard ones and GA-based
ones. The standard algorithms include the Girvan-Newman (GN) Algorithm,FN, and the Label
Propagation Algorithm by Raghavan et al. while the GA-based is Tasgin et al. algorithm ,Vertex
similarity based MENSGA, GAFCD, GALS, TGA.CCGA,LGA, . We have also designed a new
GA-based algorithm for the problem. For this, a modified Genetic Algorithm of which
chromosome structure and genetic operators are modified to find communities in social networks

is used. This modified Genetic Algorithm can be used without giving proposed community

number at the initialization with OBL (opposition based learning) and it runs faster compared to

other Genetic Algorithm methods.
algorithm just like name as MCOBGA, RG

Additionally, we did some other modification in Genetic
A. FGA, MGAFCD, and NSGAP.

We present a comparative performance (accuracy + quality) analysis of these algorithms
e pr

(new + existing) to gain insights into the problem and reveal the advantages of our proposed
i
ifici based on
" i : g8 ; We have also created some artificial datasets (
algorithm over existing algorithms. W€
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R R e A P R T T IR ey i
= o

dard existing algori o ke .
stan g algorithms like the one for LEFR graphs) for the purpose of the analysis and
) nalysis an

ave acquired some real-w acate (1t
h q world datasets (like Zachary’s karate club network, American Football

club, Strike dataset. Lusseau’s network of bottlenose dolphins, etc.) too

First two
) pro‘posed chapter, we worked on the Genetic algorithm for the disjoint and
£, overlappe . community detection in social networks. We proposed a opposition based learning
- concept with genetic algorithm and called a MCOBGA, in this algorithm we find the disjoint

g o :
g communities for different datasets. Next one is the RGA; in this method we employed the

- regeneration of population behalf of mutation operation. In this algorithm, we update the

- convergence rate and efficiency and verified the number of artificial and real world datasets.

Another proposed chapter, we worked on the fuzzy community detection with the help of
genetic algorithm. In FGA, we employed the fuzzy modularity concept (Liu & Zhang) and
Omega for the overlapped community in social network. Similarly other one is modified the
existing algorithm GAFCD; that is detect the crisp and fuzzy community both. So-that we

modified this algorithm and create a new comparative method. In the last section of this

based genetic algorithm with permanence

proposed chapter, NSGAP means node similarity

concept for the fuzzy and crisp community detection in social network.

In the last proposed chapter, we worked on the Differential evolution algorithm for the

| network and find the best DE version of the different situation and

EUUE————— P L

community detection in socia
ployed the tournament method; opposition based learning

the various types of datasets. We em
s with DE algorithm. We created the TOBDE, OBDE,

oncept and vertex similarity concept

TDE, VSDE and the DE with Multiple objective functions.
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