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ABSTRACT

Most of the existing system in the world network is represented with the help of links
and nodes in which nodes represent the systems and the links represent the relationship
between the connecting or interrelating nodes. Some of the well-known existing networks are
social media and online social networking websites like Facebook, Google+, and Twitter.
The network links in different type of domains represent different types of relationships. E.g.
human friendship, animal’s physical proximity, interconnectivity of infrastructures,
organizational structures, Web hyperlinks and abstract relationships like similarity between
data points. The existence of communities shows the structure of the networks existing in
nature. Communities, which are also named as modules or clusters, are the groups of
relatively connected nodes, and are said to be intrinsic structures of the networks existing in
nature. Nodes of the same community or cluster usually share common interesting properties
such as a function, purpose and interest. Hence, one of the most crucial problems in network

analysis is community detection.

Several methods have been proposed which help in detecting communities of the
complex networks. Amongst them, the most popular technique is dependent on the
optimization of the objective, modularity which is the most widely used function to evaluate
the quality parameters of the group structure of networks. Various heuristic algorithms
dependent on modularity optimization in detecting communities have been proposed in past
few years. The problem of community detection in complex networks has been received an
increased amount of interest since the past decade. Community detection is a way to uncover
the structure of networks. This is done by grouping the nodes into communities. The
grouping is done for the communities in which the interconnection between the nodes is
found to be denser than the intra-connection between the communities. In this thesis, a novel
nature-inspired algorithmic approach based on Ant Lion Optimizer is proposed which helps
in discovering the communities efficiently in large networks. The proposed algorithm is
termed as ALOCD for short. The algorithm optimizes modularity function and is able to
identify densely connected groups of nodes having sparse interconnections. Experiments on
real-world networks show the capability of the method to efficiently detect the network
structure. In this, ALOCD algorithm is also compared with Ant Colony Optimization (ACO)
algorithm and Enhanced Firefly Algorithm (EFF) for community detection.
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Chapter 1

Introduction

Real graphs are undoubtedly not homogeneous and largely differ from uniform
random graphs. Nodes with very high and very low degree coexist in real networks. Vertices
do not only differ globally in their degree distribution but also locally in their edges
distribution. It has been observed that the local concentration of edges in specific group of
nodes is much higher than the global density of the network. Most of the existing system in
the world network is represented with the help of links and nodes, in which nodes represent
the systems and the links represent the relationship between the connecting or interrelating
nodes. Some of the well-known existing networks are social media and online social

networking websites like Facebook, Google+, and Twitter [28].

The network links in different type of domains represent different types of
relationships. E.g. human friendship, animals physical proximity, interconnectivity of
infrastructures, organizational structures, Web hyperlinks and abstract relationships like
similarity between data points [1]. The existence of communities shows the structure of the
networks existing in nature. Communities, which are also named as modules or clusters, are
the groups of relatively connected nodes, and are said to be intrinsic structures of the
networks existing in nature. These groups of nodes found in real networks are known as
community structures. An example of community structure is illustrated in Figl.1. Nodes of
the same community or cluster usually share common interesting properties such as a

function, purpose and interest.
1.1. Community Structure

Community structure is the division of network nodes into groups within which the
network connections are dense. Communities play a crucial role in understanding a network.
As shown in Figl.1 communities forms a cohesive group of highly interconnected nodes and
the nodes within these dense clusters are expected to share many common properties or to fill
a similar purpose in the graph. Furthermore, extracting communities can also reveal some
behavioral or structural properties of the nodes. In social and metabolic networks, a core

structure is often encountered within the different communities [10]. The core nodes provide



the stability of the clusters and are the most internally connected vertices. If such nodes are
removed or inhibited, the community ceases to exist as a cohesive group. On the other hand,
the peripheral nodes act as mediators between the different communities and allow the

exchange of information.

This fundamental distinction between the roles of the nodes in a community has been
particularly studied in epidemiology. It has been shown that the community structures may
largely decrease the spread of infectious diseases because only the peripheral nodes can
disseminate the infection between clusters. Furthermore, it is crucial to identify the core
nodes as the target individuals for vaccination policies.

Figl.1: Communities in Networks [28].
1.2. Applications of finding Communities

Communities arise naturally in most, if not all, kinds of social networks where people
form spontaneously groups sharing common characteristics depending on different types of
interactions like family, friends, work, sports and so on [1]. The extraction of relevant
clusters in large social networks is a real challenge but provides accurate insights about the
influence of individuals and spread of information. There are various applications [28] of

finding communities:

» Communities can reveal unexpected behaviors. For example, Belgium is known to be
mainly separated in 2 distinct regions using different languages, either French or
Dutch.



» The extraction of communities in a mobile telecommunication network has
highlighted the essential role of the capital, Brussels, for the communication between
the 2 large communities. Surprising results have also been obtained in the analysis of
mobile telecommunication networks of France and Great-Britain where the
geographical borders of the departments can be recovered as the boundary of
communities, even though the creation of those geographical borders goes back to
several decades and should not influence how people interact nowadays.

» Community detection is also useful in other types of social interactions. Institutional
and geographical constraints have proven to control the patterns of scientific
collaborations, criminal networks have been studied to reveal the structure of large
organizations of offenders and a network of bottlenose dolphins has been investigated

to uncover their social strata.

» The potential applications of community detection go far beyond the analysis of
social behaviors. Scientists have given evidence, using a goods exchange network,
that trading communities reduce the probability of international conflicts. The
worldwide air transportation network has been investigated to explain some
anomalies in the airports connectivity, i.e. the most connected cities are not the most
central ones, which reveal that geopolitical considerations have to be taken into

account to understand the airports connectivity.

» Community detection has also yielded functional cartographic representations of the
different roles of nodes in metabolic networks, known to be extremely difficult to
study. It has been used to better understand the dispersal of coral larvae in the Great
Barrier Reef which is essential to prescribe better management and control policies of

the coral reef water.

» Community extraction has also been applied in image processing to reveal the

contour of objects and to track moving bodies in video.
1.3. Community structure in graph partitioning and sociology

Community structure in networks is closely related to graph partitioning in graph

theory [5] and computer science, and hierarchical clustering in sociology [21].



1.3.1. Graph Partitioning

Graph partitioning is to identifying coherent groups of nodes that are on average more
similar one with each other than with the rest of the network. Therefore, graph partitioning is
always tied to a fitness measure or a cost function to optimize. The elementary formulation of
the partitioning problem is to define a cut, i.e. a subset of the edges such that removing those
edges creates 2 disconnected components in the graph [5]. The objective function
discriminates the quality of different cuts. The first type of cut is the minimum cut and
consists in identifying the minimal set of edges that bisects the graph. The minimum cut
problem is equivalent to the maximum flow problem, i.e. by identifying the minimum cut,
one can compute the maximum possible flow that can be sent through the network.
Unfortunately, the minimum cut criterion tends to produce an unbalanced partition, i.e. for
unweighted network, the optimal solution consists in identifying the node of minimum degree

and to select its incident edges as the cut set [24].

Other types of cuts have been defined like the maximal cut, which consists in finding
the maximal set of edges that bisects the graph, or the sparsest cut which consist in
identifying the cut that minimizes the ratio between the number of edges in the cut and the
number of nodes in the smallest of the disconnected components. However, unlike the
minimum cut which can be solved in polynomial time, many cut problems like the maximum
cut and the sparsest cut are NP-hard. One possible way to define such an approximation is to
use spectral partitioning which consists in defining a cut based on the eigenvectors and

eigenvalues of an appropriate matrix.

Another approach to define graph partitioning is to somehow measure how central are
each node or each edge in the network. It has been observed that most of the edges with large
weight are often lying in the middle of densely connected clusters of nodes and that it is in
fact the edges with small weight that maintain the global connectivity of the network and
allow the exchange of information between clusters. Following this principle, different
measures of centrality have been defined like the edge betweenness centrality [26] which is,
for each edge, the number of pairs of nodes (i, j) such that at least one of the shortest path
between them contains the edge. The weak ties are the edges that should define the cut and
have a high betweenness centrality since they will often be involved in the shortest paths

between nodes of different clusters. Therefore partition can be defined by sequentially



removing the edge with the higher betweenness centrality until an appropriate number of

clusters have been found.

1.3.2. Sociology of communities

In sociology, the terms groups and communities are often used interchangeably to

refer to the same concept of cohesive groups [28]. Sometimes, the term subgroup is used

instead if the term group is used to refer to a sample of the population. All sociological

groups or communities have the following properties [15] in common:

>

Cohesiveness: Cohesiveness is the force that holds a group together. The level
of cohesiveness varies according to many factors such as existence of threats
from the outside, strength of leadership, group identity and objectives, and

relationships among group members.

Norms: Group norms are the standards of behaviors which arise naturally
until they have become tradition-like. Group norms are the laws of the group
and reveal things that a group holds as values.

Sanctions: Group sanctions are the policing force which enforces the group
norms. Norms of a group change over time. A new norm maybe introduced to

the group, while an old norm vanishes unless the group members maintain it.

Objectives: Group objectives are the reasons why a group exists. The
objectives of the group come from all of its members who continue to
maintain those objectives. Objectives may change from time to time according

to internal and external changes, so that the group remains competent.

Self-perpetuation: A group is a living entity which has a desire to survive and
continue to live. The most important element to self-perpetuation is the leader-
follower relationship. The health and survival of the group depend on
decisions made by the leader and how the followers evaluate those decisions

as fitting the group objectives.

All groups share the same set of properties to some extent. For a group to exist and

continue to survive there must be some cohesive force which holds its members together.



1.4. Community Detection in Networks

Communities are areas in the network which have relatively more connections within
the areas than across different areas [28]. However, no single formal definition of
communities is universally accepted. Even then, in many cases, researchers usually start by
stating some intuitions about communities and then proceed to describe a heuristic algorithm
which finds communities that capture the intuitions, without formally define what
communities are. Such notions of communities are usually termed as being operationally or
algorithmically defined, which essentially means that communities are whatever the heuristic
algorithms output.

1.4.1. Local Notions

In these notions, communities are viewed as independent patterns which repeat
themselves and the main concerned is finding all community-like patterns without worrying
about how the patterns fit together into one picture of overall community structure [36]. To
some extent, such communities can be considered as independent units. This was how the
notion of communities was viewed in the early development of social network analysis,
which was heavily influenced by graph theory. As a result, the early definitions of

communities are mostly graph-theoretic and local.

The simplest, yet strictest definition of a community is a clique, which is a complete
subgraph. Every vertex is adjacent to every other vertex in a clique. Because of its restrictive
nature, many researchers have proposed better alternatives of cliques by considering the
diameter of a (sub-) graph. Cliques are subgraphs with diameter one so other subgraphs with
small diameters can potentially be community-like as well [33]. This gives three variations of
cliques: n-cliques, n-clans, and n-clubs. All are maximal subgraphs of diameter n. The subtle
differences between n-cliques, n-clans, and n-clubs are in the choices of graphs and
subgraphs used in computing the distances. n-cliques use the distances in the original graph,
n-clubs use the distances in the subgraphs and n-clans use the distances in both the original

graph and the subgraphs.

These choices affect the computational complexity of the algorithms for finding them.
Two cliques of size k are considered adjacent if they share all but one vertex. If two cliques

overlap one another significantly, then they would be put in the same community [12]. This



notion of clique adjacency is used to define a notion of community, called clique percolation,
which is the maximal collection of adjacent cliques of the same size.

1.4.1.1. Cohesive or Fitness measures of Local Notions

Cohesiveness measures are also known as fitness measures [18]. The higher the
measure on a subgraph, the more community-like the subgraph is.

» Intra-cluster density measure: The first is intra-cluster density which is the
fraction of the number of edges in the subgraph.

> Relative density measure: Another measure is relative density which is the
ratio between the number of intra-cluster edges and the number of edges
which touch the subgraph.

» Conductance measure: Another measure of how disconnected a subgraph is
from the rest of the network is conductance, which is the ratio between the
size of the cut and the volume of the set. The lower the conductance value, the
more community-like a candidate set is. Thus, a community is defined as a

candidate set whose conductance is no greater than a certain threshold.

The problem with using local definitions is that they treat communities as independent
entities out of context. Local approaches lack the capability to explain how communities in a

network interact with one another.
1.4.2. Global Notions

Compared the local notions of communities, the global notions are based on the
structural information about the whole graph. Local definitions are usually self-centric in
nature. Global notions look at the network link structure and all candidate sets that form a
community structure as a whole [36]. In particular, a good quality function should capture the
notion of a good collection of communities. A quality function is a function which takes a
partition of the vertex set of a graph and outputs a number which quantifies how likely the
parts of the partition are communities of the graph. Since the notion of communities itself is
not universally defined, therefore each quality function captures only one aspect of

communities.



1.4.2.1. Quality Functions of Global Notions

There is no universally accepted definition of communities. Communities are defined
as sets of nodes with a high internal density, either in the number of internal edges or their
weight, and a low external density with the rest of the network. This implies that the subgraph
induced by a community should be at least weakly connected; otherwise the total internal
density could be increased by partitioning the community into its weakly connected
components without increasing the external density [26]. The most straightforward
description of communities is to assume that they are spanned by the densest possible
clusters, i.e. maximal complete subgraphs or cliques [33]. Nevertheless, this characterization
IS quite restrictive and does not fit for real networks.

A large internal density is not the only defining property of a community which also
requires a low external density to be accurately characterized. This leads to the definitions of
strong and weak communities. A community is said to be strong if the internal degree of all
its vertices is higher than its external degree. This definition is also quite restrictive and
barely found in real networks. Hence, communities have also been defined in a weak sense as
clusters with a total internal degree i.e. the sum of the internal degree of its vertices are larger
than its total external degree. While those characterizations of communities are more
appropriate for real networks, they lack the formalism to create an algorithm to actually
extract community structure from a given network. Therefore, it is often more convenient to
establish a global definition of communities by using fitness measures or quality functions

[13] over the entire graph.

» Performance quality function:- This quality function is based on the fraction

of all vertex pairs classified correctly by the partition.

» Coverage: - Another quality function is the coverage which is the fraction of

edges of the graph which fall inside the parts of the partition.

Another way to define a global notion of communities is to use a null model. A
community structure is an evidence of heterogeneity in a social network. Links are biased
toward vertices which belong to the same communities. On the other hand, a random graph,
imposes homogeneity of link structure, and thus is unlikely to have a community structure.

This leads to the definition of modularity by Newman and Girvan.



1.4.3. Modularity by Newman and Girvan

Newman and Girvan have introduced a fitness measure called the modularity, based
on the configuration model that produces a random graph with the same degree distribution
as the original network. The modularity has rapidly become one of the most popular cost
functions for community detection [25]. The modularity score of a partition ranges in [—1, 1].
Community partitions associated to high positive values of the modularity score are supposed
to accurately represent the modular structure of the network. It was originally assumed by
Newman & Girvan that modularity value larger than 0.3 for a given partition indicates that
the network has a community structure accurately represented by the aforementioned
partition. The modularity (Q) in case of modules [25] given by Newman and Girvan is
defined as:

0 =3t i~ ()]

Where, [; is the number of links b/w nodes in module S, L is the number of links in
network, d; is the Sum of degrees of the nodes in module S and n is the total number of

modules.

Newman and Girvan further modified the modularity [26] as,

d

Q= 1/2m%, ; (Aij - %) 8(i,J)

2

Where, A;; is the adjacency matrix, m is the number of edges in network, d;, d; are

the degree (or strength) of nodes i,j and &(i, j) is the function which return 1 when both i, j are

in same community else 0.

The intuition behind the formula is that it compares the number of intra-cluster edges
in the original graph with the expected number of intra-cluster edges when the graph is
randomly rewired based on the degrees of the nodes [21]. Modularity was proposed to be a

way to automatically discover the true number of communities.



1.4.4. Different types of Clustering or Grouping Techniques
1.4.4.1. Data Clustering

Data clustering which is also known as cluster analysis, [17] differs from the
community detection problem in that the entities being clustered are data points from some
ambient space. In other words, data clustering tries to group items based on their attributes
while community detection tries to group items based on their relationships. The notions of
similarity and distance are commonly used in data clustering [16]. To use a data clustering
technique to do community detection, one starts with embedding a social graph in some space
so that data clustering methods can be used. For example, spectral graph clustering embeds
the vertices in the eigenspace of some graph Laplacian [30]. It then derives some similarity
measures from the graph topology and finally applies data clustering methods. Some data
clustering techniques, such as hierarchical methods, do not require an embedding of graph in
some space as long as the similarity between every pair of data points can be computed.

1.4.4.2. Distance based Clustering

Many community detection algorithms use transitional techniques developed for data
clustering, also known as cluster analysis. In distance based clustering, data points belong to
some vector space in which a norm or distance is defined. The number of expected clusters k
is usually given as a parameter[16]. The most popular technique is perhaps k-means in which
one wants to cluster the data points such that the intra-cluster sum of squared distances is
minimized. The problem is NP-hard [24]. Other variations of k-means are k-centers, k-
medians, and k-medoids. One advantage of these methods is that they not only partition the
data points but also partition the ambient space. For example, the result of k-means is a
partition of the data space into VVoronoi cells [30]. Thus, the result can be used to classify new

data points by assigning each new data point to the cluster whose mean is nearest.
1.4.4.3. Hierarchical Clustering

Hierarchical clustering is the set of techniques that aimed at discovering natural
divisions of networks into groups [21]. Community structures in the real world usually have
nested structure. Examples of different granularities of communities include townships,
counties, states, countries. Thus, it is more reasonable to model a community structure as a
dendrogram as depicted in Fig 1.2 instead of a partition. The hierarchical clustering method

produces as an output a dendrogram, which formally is a chain of partitions in which each

10



partition is finer than the next. For two partitions P and Q of the same set, P is finer than Q if
and only if every part of P is contained in some part of Q. A chain of partitions expresses the
nested structure from the finest partition to the coarsest partition. Hierarchical methods
require a similarity or dissimilarity function between the data points [26]. They do not need
the data points to belong to some ambient space. This sometimes makes them very slow in
practice since the similarity function might be computationally hard.

g O O O O O O

Figl.2: Hierarchical Clustering [26].

Hierarchical clustering is divided into two methods i.e. agglomerative and divisive
[21, 26].

1.4.4.3.1. Agglomerative Clustering

Agglomerative algorithms start from all vertices represented as different clusters as
depicted in Fig. Then, two clusters are merged based on their similarity. The merging
continues until only one cluster is left. There are several ways to define the similarity of two

clusters, which gives rise to different agglomerative algorithms.

» Single linkage defines the similarity between two clusters as the maximum
similarity or more commonly the minimum distance between the vertices from

the two clusters.

11



» Complete linkage which is the opposite of single linkage, defines the cluster
similarity as the minimum similarity or maximum distance between the

vertices from the two clusters.

» Average linkage defines the cluster similarity as the average of all pairs of
vertices from the two clusters. Average linkage is also known as UPGMA
which stands for Unweighted Pair Group Method with Arithmetic Mean.

Algorithm
Given a similarity matrix.
a) Firstly, the merging of two most similar matrix is done.

b) Then, updation of the similarity matrix is done to show that the similarity

between the new cluster and the existing clusters is included.

c) Repeat (a) and (b) until all clusters merged into one cluster.

0.2 1

0.15

0.05 1

Fig 1.2.1: Agglomerative Clustering [3]

1.4.4.3.2. Divisive Clustering

Divisive algorithms start with all vertices in one big cluster. Then, a cluster is spliced
into two based on the members' similarity. The process continues until every vertex is in a

cluster by itself. An example is CONCOR which stands for Convergence of iterated

12



Correlations [25]. CONCOR is based on the observation that, if one repeatedly computes the
correlation matrix from a correlation matrix, the entries of the result converge to either +1 or
-1. Moreover, the rows and columns of this matrix can be simultaneously permuted so that
the entries are grouped together into four blocks such that the two blocks along the main
diagonal are all 1 and the two off-diagonal blocks are all -1. The block structure can then be
used to bisection the data points.

1.4.4.4. Spectral Graph Clustering

Spectral clustering uses eigenvectors of matrices of similarity between objects to
partition the data points. The idea is to change the basis of a matrix of similarity to the
eigenspace of the matrix. Then, the eigenvectors are clustered using standard techniques such
as k-means or a hierarchical method. This helps, for example, cope with the limitation of k-
means that it produces a partition of space into convex Voronoi cells [30]. For spectral graph
clustering, the adjacency matrix of the graph is transformed into a Laplacian matrix. Then,
the first few eigenvectors of the Laplacian are computed .These eigenvectors are then used as
a basis and the k-means clustering is performed on the data points which are projected on the
eigenvectors [33]. An unnormalized Laplacian tends to favor clusters with intercluster
density, while a normalized Laplacian tends to balance the high intra-cluster density and low

inter cluster density.
1.4.4.5. Correlation Clustering

Correlation Clustering is the problem of clustering a graph with real-valued edge
weights. Positive edge weights signify the confidence levels that the two end points should be
clustered together, while negative edge weights signify the confidence levels that the two end
points should not be clustered together. There are two versions of Correlation Clustering
problem [9]. We can either maximize the sum of intra-cluster edge weights or minimize the
sum of inter-cluster edge weights. The former is known as Maximizing Agreement and the
latter is known as Minimizing Disagreement. The optimal solution of the two problems is the
same, but approximation algorithms are different since one problem is maximization and the
other is minimization. Maximizing agreement is NP-hard and APX-hard. Minimizing

disagreement is NP-hard and APX-hard and has O (log n) approximation algorithms.

Approximation algorithms usually perform worse than heuristics on real-world data

since they guarantee their performance in all cases, including rare cases. However,
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approximation algorithms provide not only a solution to the problem but also a bound on the

optimal solution.
1.4.5. Modularity Optimization Algorithms

Modularity is a popular quality function among network researchers. There are a few

algorithms which aim to optimize this function in particular.
1.4.5.1. Divisive Algorithm based on Edge Betweenness

Girvan and Newman proposed one of the first successful algorithms to partition a
graph into communities. Edge betweenness measures the number of all shortest paths passing
a link, which gives the measure of the importance of that link when connecting two
communities [26]. The most important link according to the edge betweenness i.e. the link
with high edge betweenness as shown in Fig 1.3 is removed and the edge betweenness of the
remaining edges is recalculated. This process is repeated until all links are removed. The
recalculation of the edge betweenness after each removal is time consuming for finding the

community structure for large networks but it also produces good results.
Algorithm
» Firstly the removal of the edge with the highest betweenness centrality is done.

> After that the edge betweenness for the remaining edges in the network is

recalculated.

> Repeat all the steps until there are no remaining edges.

Fig 1.3: Two communities linked by brightest link with high betweenness [26]
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1.4.5.2. Greedy Community Detection

After introducing the modularity as a quantitative criterion for the quality of a
community partition, Newman proposed to optimize this measure using a greedy hierarchical
agglomerative algorithm, although this algorithm can also be applied to optimize other
additive cost functions [25]. Newman’s algorithm starts with an initial partition with as many
communities as nodes in the network, i.e. each node defines its own community. Then,
communities are repeatedly joined in pairs. At each step, the join that provides that largest
increase or the smaller decrease of the cost function is chosen among all possible joins [22].
Since the network contains initially n communities and at each step 2 communities are
merged, reducing the number of communities by 1, the maximum number of joins is n — 1.
This can be represented by a dendrogram, i.e. a tree showing the order of each join, as
illustrated in Figl.4.
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Figl.4: Input graph and dendrogram created by Newman’s algorithm [22]

A cut through this dendrogram defines a community partition for which one can
compute the associated value of the fitness measure. Therefore, the best partition can be
selected among all the levels of the dendrogram, which is represented by the dashed vertical

line in Figl.4. At each iteration, the algorithm must choose the best possible join. Yet
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merging a pair of communities between which there are no edges can never improve the
value of the cost function. Hence, the algorithm only considers pairs of communities that are
connected by at least one edge, so in the worst case, it needs to check for O (m) possible

joins.
1.4.5.3. Label Propagation

The label propagation algorithm extracts a stable partition for the resolution-limit-free
model. In this framework, a partition is stable if there is no individual vertex switch from one
community to another that increases the quality of the partition. The label propagation
algorithm starts in a configuration where each node has a distinct label. Communities are
defined during the whole process as sets of nodes with the same label [14]. Hence the
algorithm is initialized with a partition in which each node defines its own community. Then,
the labels propagate through the network using a simple updating rule i.e. a node is selected
and its label is updated to the label shared by most of its neighbors. When there is a tie, one
label is chosen uniformly at random. As the labels propagate, some of them will disappear
while others will dominate inside groups of highly connected nodes.

The node selection is carried out by going through a randomly shuffled vector
containing all the node indices. In one iteration, all the nodes have their labels updated at
most once, then a new randomly shuffled index vector is created for the following iteration.
The updating of the node labels can be performed either synchronously in which at iteration t,
a node takes the label shared by most of its neighbors at time t — 1 or asynchronously in
which at iteration t, a node takes the label shared by most of its neighbors at time t for the
nodes that have been already updated, and at time t - 1 for the others. The algorithm stops

when each node has a label shared by most of its neighbors.

Due to the random selection of labels when ties occur, it is often not possible to reach
a stable labels configuration. Due to the randomness involved both in the nodes selection and
in the tie breaking processes, multiple stable label configurations may be obtained from the
same initial configuration. Raghavan et al. [34] showed that different community partitions
obtained for a single network are in general similar. Though, one cannot choose easily a
specific partition as the best one among all available partitions. Therefore, the proposed
solutions are to either consider overlapping communities or to aggregate the different

partitions to form a new overall partition.
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1.4.5.4. Louvain Algorithm for Community Detection

The Louvain method [35] is a greedy hierarchical clustering algorithm. This algorithm
has become extremely popular in recent years because it is fast, allowing to analyze huge
networks with billions of edges, and produces significant partitions. For example, this
algorithm is now implemented within the famous business social network LinkedIn and
allows everyone to visualize the relationships between colleagues or customers and to better
comprehend its professional network. Fig 1.5 shows the procedure of Louvain method and it
is divided in two phases

» Optimization phase:- The first phase is the optimization phase which looks
for a locally optimal partition by considering only individual vertex swaps.
This phase of the algorithm is similar to the vertex mover refinement step of
the algorithm of Schuetz and Caflisch [27] . As in many other greedy
algorithms, the community partition is initialized with a single node per
community and as many communities as nodes in the input network. Then,
based on the modularity function, individual nodes are removed from their
current community and swapped to the neighboring community which
produces the largest positive gain of the modularity function. The nodes are
potentially switched in a random order. Each node is considered once before a
new random order of the nodes is created. When no more local correction with
a non negative gain can be applied to increase the value of the modularity

function, the algorithm initiates the second phase.

» Aggregation phase:- The second phase of the algorithm is the aggregation
phase [35] in which the input graph is collapsed according to the communities
found in the first phase. This creates a new network where each single node
corresponds to a community as depicted in Fig 1.5. The purpose of this
aggregation phase is to reapply the optimization phase on the collapsed graph
such that one can consider additional improvements of the cost function by

clustering groups of nodes rather than individual nodes.

The two phases of the Louvain method are recursively applied until no cluster
increasing the value of the modularity function can be found in the last aggregated graph. In
other words, the stopping criterion is that the optimal partition of the last aggregated graph.

This algorithm produces hierarchical levels for the communities, i.e. the partition at a specific
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scale is defined by merging communities of the partition at a lower scale. This algorithm has
proven to produce good community structures. Its complexity is expected to be O (n log n)
but a precise complexity analysis is still lacking due to the hardness to describe a priori the
number of corrections through all the nodes in the optimization phase. Although the
algorithm is fast in practice, the sequential corrections slow it down and make it very hard to
parallelize on a multiple core architecture which in turn reduces the possible applications to
very large networks.
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Figl.5: Louvain Community Detection [35]
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Chapter 2

Literature Survey

Various contributions have been anticipated by the researchers in the field of
community detection in recent years to detect communities in complex networks, with each
methodology being classified according to its algorithm type. This chapter categorizes the
literature survey in the field of community detection based on analytical and evolutionary
approaches.

2.1. Analytical Approaches

Kirkpetrick et al [31] proposed a discrete optimization algorithm named as
Simulated annealing (SA). Simulated annealing (SA) is a general discrete optimization
technique designed to allow, at the beginning, the exploration of a large proportion of the
admissible set and to progressively narrow its search space. This algorithm has been applied

for community detection by defining two types of transitions:

» The first type of accepted transition is a local vertex switch, i.e. a random node
is taken out of its current community and assigned to another neighboring

community.

» The second type of transition is more global and consists of either a merge of
2 communities or a split of a community into 2 distinct sets. The splits can be
carried in different manners, for example via spectral bisectioning or

constrained simulated annealing of the subgraph induced by the community.

It has been shown that applying global transitions leads to better approximations of
the optimum than using only local moves. Typically, in practical applications, one considers
n? local moves and n global moves before updating the temperature of the system. However,
the complexity of the algorithm cannot be estimated and depends on the initial temperature
and the cooling process. Though, the algorithm is typically very slow and should not be

applied to graphs with more than 10* nodes.

Girvan and Newman [26] proposed one of the first successful betweenness based
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divisive algorithms for community detection. The authors used the concept of edge-
betweenness determining the edge importance in connecting the nodes via shortest paths. The
algorithm first computes the betweenness of all edges and then removes the edge with high
edge-betweenness, one at a time until the graph disconnected. The whole process is repeated
until there are no more edges. The proposed approach determined the communities but it
could not determine the strength of communities formed.

Newman et al. [22] proposed an algorithm based on agglomerative clustering in
which they used the modularity function that determines the strength of communities and
thus helped in overcoming the drawback of edge-betweeness based divisive algorithm. Their
algorithm starts with all nodes in communities by themselves, after that it find two
communities for merging such that the modularity value increases the most. Merging of two
communities continued till all nodes are in the same community. This algorithm was efficient
in case of speed but in practice, the modularity produced by this algorithm was not always
high.

Clauset et al. [2] observed that the Newman’s approach was not efficient for a sparse
network as well as it was also inefficient with respect to time and memory. They did not
describe a new algorithm but rather improved the implementation of Newman’s original
algorithm by using much more efficient data structures called max-heap. A heap is a tree-
based data structure with a key for each node in the tree and an order relation on those keys.
A heap is a max-heap if the key of a parent node is always greater than the keys of its
children. Obviously, the largest key in a max-heap is always the root node but note that there
is no specific ordering between siblings or cousins in the tree. The algorithm can be

summarized as follows:

1. Compute the initial matrix M and store it as a balanced binary maxheap
for each row. Compute the elements of the vector K for each node.
Populate the max-heap L with the largest element on each row of M. Set

H to its initial value.

2. Select the largest element of M from L, join the corresponding
communities and update M, L and K. Update H = H+M (i, j).

3. Repeat step 2 until the largest element of L is negative. The value of H is

the approximation of the maximum value of the cost function.
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Their algorithm complexity is O (n logzn) for sparse networks which was the first
algorithm used for analyzing large networks (about 10° nodes). The algorithm has a
drawback that it might form large communities in the early phase at the cost of existing small

communities.

Newman [23], proposed a new method for optimizing the fitness function with the
help of associated matrix eigenvectors and eigenvalues called as Spectral optimization.
Spectral optimization refers to the optimization of the fitness measure H using the
eigenvectors and eigenvalues of the associated matrix and is similar to the classical spectral
partitioning.

H= Zi’jeVB(i,j)5(i,j)

Where the matrix B depends on the chosen cost function. This algorithm has been
shown to work very well for graph bisection, however its performance declines when the
graph contains more than 2 clusters, i.e. in the early stages of the algorithm, spectral
partitioning tends to cut some of the existing clusters which become impossible to recover
afterwards. Additionally, if some elements of the dominant eigen vector v1 are close to 0,
then the assignments of the connected nodes may be ambiguous. The cut value of O that
defines the partitioning vectors is somehow arbitrary and a slight variation of this threshold

can lead to very different community partitions.

Some authors have proposed to use more than a single eigenvector to define the
partitioning vector. In this case, the p dominant eigenvectors are computed and form an
indicator matrix X € IR"*P | i.e. each row of X is an indicator vector of dimension p for the
corresponding node. The community partition of the graph is then obtained by clustering the
nodes in the induced p-dimensional space. Unfortunately, one needs to find an appropriate
value for p, neither too large to reduce the computational complexity, nor too small to have

sufficient information in the indicator vector to achieve good performances.

Schuetz and Caflisch [27] observed the bias of the algorithm of Clauset et al.
towards the formation of large communities during the early stages. They proposed an
alteration of the algorithm of Clauset et al. to promote the creation of multiple clusters at the
same time, hence reducing the risk of condensation of the nodes into a few large
communities. This task is carried out by allowing at most | independent joins in each level of

the dendrogram. The qualifier “independent” for the joins refers to a “Touched-Community-
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Exclusion-Rule” (TCER): a join between 2 communities is accepted only if none of the 2
communities have been involved in a previous join at the current dendrogram level. Each

level of the algorithm can be summarized as follows:
1. Initialize: mark all the communities as “not touched”.

2. Select the best join AH (i uj) over all remaining connected pairs of

communities (i, j) where neither i nor j is marked as “touched”.

3. If the gain AH (i U j) > 0, apply the join and tag both communities | and j as
touched. Otherwise, discard the pair (i, j).

4. Repeat steps 2 and 3 until | joins have been applied, or the best gain is

negative AH (i U j) <0, or all the communities are tagged as touched.

The algorithm had same complexity as clauset et al. algorithm but instead of creation
and maintenance of the max-heap, it required the computation of pairwise gains that increases

the computational cost.

Blondel et al. [35] proposed a greedy hierarchical clustering algorithm named as
Louvain method. The objective function considered in this algorithm was modularity. The
algorithm is divided into two phases, with one as optimization phase and other one as
aggregation phase. In optimization phase, the individual nodes are treated as individual
communities and on the basis of modularity optimal partitioning is done i.e. the individual
nodes which are considered as individual communities are removed from their current and
placed into their neighbor communities with highest modularity value. This phase is
considered till there is no community with non-negative value. In aggregation phase, the
communities formed after optimization phase is considered as input i.e. the communities
formed after optimization is considered as individual communities and again the optimization
is applied on these communities thus by improving the modularity function by making the

community of group of nodes instead of individual nodes.

These two phases of Louvain are functional until there is no positive change in
modularity found in last aggregated network. The complexity of this algorithm is O (n log n).
This algorithm is fast but on multiple core architecture, the sequential corrections makes it

slow and it is also inefficient to be applied for very large networks.
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Erwan Le Martelot and Chris Hankin [11, 12] proposed a new method which is

based on two criteria one is global and other is local. Therefore authors proposed two new

algorithm based on these two criteria:

» Global criteria algorithm: This algorithm is almost similar to Louvain

method but it has one advantage over latter that it can be applied for multiscale
detection of communities. Like Louvain this algorithm also have two phases.
In first phase, the individual nodes are treated as individual communities and
on the basis of modularity grouping of one with its respective neighbor
community is done. In second merging phase, the communities formed in first
phase are taken as input and merging of those communities further takes place

in order to improving the modularity value.

Local criteria algorithm: Local criteria algorithm is used in overlapping
communities. The first phase is similar to global criteria but the second phase
is not compulsory in this criteria until the overlapping of communities is more
than half ie. merging of communities is done only if communities

significantly overlap.

The complexity of global criteria algorithm is O (n) whereas in local, the complexity

is O (n?) but local criteria has its advantage that it can be used for overlapping communities.

Table 2.1 shows the summarization of various analytical approaches:

Community Detection

Fitness / Objective
Authors Year | Proposed Method .
Function For Overlapping / In Static/
Non-Overlapping Dynamic
Communities Networks
M.E.J Edge-Betweenness
o Edge-Betweenness . .
Newman and | 2003 Based Divisive ) Non-Overlapping Static
) ] and Modularity
M. Girvan Algorithm
Blondel et al. | 2008 Louvain Method Modularity Non-Overlapping Static
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Local Tightness Tightness Function .
) o Overlapping and Non- .
Huangetal. | 2011 Expansion (LTE) Based on Similarity . Static
) overlapping Both
Algorithm Measure
E. L. . Overlapping and Non-
Global and Local Modularity, LFM, ) )
Martelot and | 2013 o Overlapping Static
. Criteria LTE and NMI
C. Hankin Both
E. L. Local Criterion o
o ) LFK Criterion and . .
Martelotand | 2014 within a Multi NMI Overlapping Static
C. Hankin threaded Algorithm

2.2. Evolutionary Approaches

Clara Pizzuti [7] presented a genetic algorithm for uncovering communities in large
networks named GA-Net. They introduced the concept named community score. The
underlying objective of the algorithm is to maximize the value of community score for
obtaining optimal partitioning of the network. The author also introduced the Safe individual
criteria in genetic algorithm to avoid the useless computation thus by making the algorithm
efficient. This algorithm had been applied on an undirected graph and the adjacency matrix
is assumed as symmetric. The community score (CS) which had been introduced by author is

defined as:

CS=¥&=1Q(%)

Where, k is the no of partitioning of a sub-matrix V i.e. {V; ....... Vi } and Q(V) is the
score of sub-matrix V which is defined as Q(V) =M (V) xvy,

Yie(aip)®

M (V) is the power mean of V = (I,J) of order t and defined as M (V) = m

vy s the volume of sub-matrix V = (1,J) is the number of entries of a;; which are 1
and is defined as vy = Yjeyjej aj
. : . . 1
ayj is the mean value of ith row of the V and is defined as a;; = Ij_lzjel ajj

The author had tested the algorithm for synthetic as well as real world data set and
found comparable results which showed that this algorithm is effective in finding the

communities in networks.
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Clara Pizzuti [8] further modified his work by presenting a new genetic algorithm to
discover optimal communities in complex networks named MOGA-Net i.e. multiobjective
genetic algorithm basically a Nondominated Sorting Genetic Algorithm (NSGA-II) that
builds and ranks the competing individuals population on nondominance basis. The approach
uses hierarchal clustering technique producing network communities at different level of
hierarchies and automatically resolute communities formed. For partitioning of network, the
algorithm used modularity criteria and for measuring the performance of algorithm
Normalized Mutual Information (NMI) had been used. The author had also tested the
algorithm for synthetic as well as real world data set and found effective results.

Amiri et al. [4] proposed a new multi-objective optimization algorithm based on
enhanced firefly algorithm (EFA) using Fuzzy- based grouping and mutation techniques for
the detection of network communities. The proposed approach was strengthened with a smart
population method. The algorithm also detected network communities where the number of
communities was not initially known. The results were compared with other algorithms like
MOGA-Net, Bondel, RN,CNM, Infomod and original firefly algorithms. The implementation
and testing of EFA on real world and other synthetic data networks showed its efficiency in

finding the different communities in large networks.

Shang et al. [29] proposed a community detection method based on modularity and
an improved genetic algorithm named as MIGA. The authors also used prior information
regarding the number of detecting communities. MIGA used simulated annealing algorithm

for local searching. Thus, in short MIGA Algorithm can be summarized in three steps i.e.
» The objective function for community detection is modularity.

» The preceding information of detecting communities i.e. the information about

the communities is initially known.
» Simulated annealing algorithm for local searching.

The algorithm was compared with memetic algorithm (ME) and genetic algorithm
(GA) for both real-world and computer-generated data networks. The results shown a lesser

computational complexity of MIGA in comparison with ME and GA.
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Honghao et al. [6] proposed an Ant Colony Optimization (ACO) method for
detecting communities in networks using max-min ant system method for community

detection. There were two important points of their method:

» Solution in the form of locus-based adjacency in which communities are taken
as linked components of networks.

» The structural information was included in the algorithm and thus a new

heuristic was proposed, based on association between nodes.

The algorithm was tested on four real-life network and LFR bench mark and results
showed the great potential of algorithm in finding communities in networks. This algorithm
only deals with static networks.

Hafez et al. [3] used Artificial bee colony (ABC) optimization technique to solve the
community detection problem. The objective functions used in this algorithm were divided

into two categories:

» The first category of objectives consisted of Conductance, Internal Density,
Normalized Cut, Cut Ratio, Expansion, Average-ODF, Flake-ODF and
Maximum-ODF.

» The second category of objectives consisted of Modularity, Community

Fitness and Community Score.

The solution of the community detection problem was obtained by minimizing the
first category and maximizing the second category. The method used is locus-based
adjacency for representation of communities in ABC algorithm and thus has advantage that it
makes the algorithm to automatically detect the communities. The authors had tested the
algorithm for real-world data as well as online social network like facebook and found that

the algorithm is efficient in case of accuracy and efficiently detect the communities as well.

Gong et al. [19] proposed fast multi-level memetic algorithm for community
detection named MLCD that uses genetic algorithm (GA) with multi-level learning strategies.
The proposed hybrid global-local search algorithm used Label propagation method for
updation of community identifier of each vertex at each procedure. The results showed a

lesser computation time in comparison with original memetic algorithm.
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Table 2.2 shows the summarization of various evolutionary approaches:

Community Detection

Authors | Year Proposed Method Fitness / Objective Function For
Overlapping / In Static /
Non- Dynamic
Overlapping Networks
Networks
Genetic Algorithm in
o Network’s ) ) )
C. pizzuti | 2008 ) ) Community Score and NMI | Non-Overlapping Static
Community Detection
(GA-Net)
Multiobjective Based
C. Genetic Algorithm for . . .
_ . | 2009 . Modularity and NMI Non-Overlapping Static
Pizzuti Network Communities
(MOGA-NEt)
Multiobjective
Amiri et Enhanced Firefly Multiobjective Optimization . .
2012 ] ] . Non-Overlapping Static
al. Algorithm with Fuzzy Problem (MOP) Function
Based Clustering
Modularity Based
Shang et ] . . .
| 2013 Improved genetic Modularity and NMI Non-Overlapping Static
al.
Algorithm (MIGA)
Honghao Ant Colony . . .
2013 o Modularity and NMI Non-Qverlapping Static
et al. Optimization (ACO)
Conductance, Expansion,
Internal Density, Cut Ratio,
Hafez et Artificial Bee Colony Normalized Cut, Maximum . .
2014 S ) Non-Overlapping Static
al. Optimization ODF, Modularity,
Community Score and
Community Fitness
Multilevel Learning
Maetal. | 2014 Based Memetic Modularity Non-Overlapping Static

Algorithm (MLCD)
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Chapter 3

Problem Definition

Given a graph G (V,E) with a set of n vertices ( nodes) V = {v,v,,.....v,} and a set
of m edges( links) E = {e,,e,,....e,} ,the graph reflecting the social structure corresponding
to the given community is represented with an adjacency matrix A of size V X V such that
for any pair of vertices i and j

_ 1 if an edge between iand j
Ajj = { :
0 Otherwise
Where the adjacency matrix, A is symmetric (Assuming the graph as an undirected
graph).

The problem of community detection relies on finding the subgraphs i.e. partitioning
the graph G into n subgraphs Gi, G, ........Gpand V =G; U...... U Gy, such that all G;for all
i ¢ n correspond to the communities of densely linked nodes, with the nodes belonging to
different communities being only sparingly connected based on the criteria of optimizing
modularity value. The Modularity evaluates the quality of cluster which signify the extent to
which a given community partition is distinguished by high number of intra-community

connectivity in comparison to inter-community ones [4, 6].

The Modularity (Q) value [2, 25, 29] can be mathematically stated as

Q=1/2my%,;; (Aij - di—:j) ()]

2

Where, A; is the adjacency matrix, m is the number of edges in network, d;, d; are

the degree (or strength) of nodesi,j and &(i,j) is the function which return 1 when both i, j

are in same community, 0 otherwise.

The modularity of a community is a scalar value between -1 and 1 that computes the
degree of cohesiveness within community as compared to links between communities [25].

More the modularity value better is the quality of the communities detected.
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Chapter 4

Proposed Algorithm for Problem Solution

The work presents a novel nature-inspired algorithmic approach based on Ant Lion
Optimizer (ALOCD) for solving the community detection problem .The underlying algorithm
proposed by Seyedali Mirjalili [32] utilizes the unique hunting behavior of antlion as shown
in Fig 4.1. The algorithm is inspired by of hunting behavior of prey such as the random walk
of ants, building traps, entrapment of ants in traps, catching preys, and re-building traps
.These features allow the antlions to take the positions of ants and making the antlions move
towards better fit ants to find a global best possible solution. The main components of the
proposed algorithm are as follows:

LA\

7 Q',&\

Fig4.1: showing cone shaped pit dig by antlion and their hunting behavior [32]

4.1. Solution Representation

In the proposed approach each solution/antlion in the population is encoded as a
collection of n positions S = [a,,a,,....a,] such that each value at location i contains a positive
integer, a;€ [1, n] that interprets the community to which the i-th node belongs. The node i
and node j belong to same cluster if the value a; equals a; for any set of i and j nodes. One
antlion stands for one solution that divides given community structure into sub-community
partitions. Fig 4.2 illustrates a solution representation of a social network with 10 nodes using

an array data structure
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Communities
/ Ant Positions | 2 | 1 |3
2 3

1

11213]3]1
4 5 6 7 8

=
o

Fig 4.2: Solution Representation

As shown in Fig 4.2, a set of nodes { 2,4,8,10} belonging to given community
structure in hand, belongs to the sub-community/cluster labeled number 1 and set {1,5,9}
and set {3,6,7} to 2™ and 3" sub-community number respectively.

4.2. Random Walk of Ants

In every iteration, the position of each ant is updated with respect to a selected antlion
on the basis of elite (best antlion obtained so far) and roulette wheel selection operator. The
updation of positions is done with the help of two random walks i.e. random walk on the

basis of roulette selected antlion and elite antlion.

For a given community of size say ‘n’ , pick value at random position [1:n] from
candidate solution(elite/roulette selection) which represents sub-community number to which
that indexed vertex belongs to. Fig 4.3 shows the representation of Candidate Solution before

random walk.

Communities
/ Ant Positions 1|13 |2
2 3

1

w

112]1[3|1]2
4 56 7 89

=
o

Fig 4.3: Candidate Solution (before random walk)

Communities
/ Ant Positions 1111(2(1|12(1|1|1]2]|1

1 2 3 456 7 8 910

Fig 4.4: Solution after Merging 1% and 3" Communities

Fig 4.4 shows one step in random walk procedure by taking a random position say 4™
in candidate solution and generates new solution after merging 1% and 3" communities. If the
newly generated solution gives better modularity than candidate solution, the candidate
solution is updated. This step of random walk is applied recursively depending upon the size

of the trap. For assuring exploitation of search space, the radius of updating ant’s positions is
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contracted. This step is modeled by decreasing the random walk rate as the iteration value

approaches Num_of_gen value.

4.3. Updating the position of Ants

During each iteration of the algorithm, the movements of all the ants are affected by
elite as well as selected antlion as every ant randomly walks around a selected antlion by the
roulette wheel and the elite concurrently .This concurrent effect of both selected and elite
antlion on the movement of ant is modeled using Update_Ant_pos() procedure as shown in
Fig 4.5.

Communities
/AntPositions |13 (2111213123

1 2 3 45 6 7 8 9 10
Solution1 (From Random walk around elite)

Communities
/AntPositions |3 | 1 [3]1|1|1(3|2|2]|1

1 2 3 45 6 7 8 9 10

Solution2 (From Random walk around selected antlion)

(Assuming Solutionl has better modularity than Solution2)

Vertices belonging to 1st community in Solutionl  {1,4,6,8}
Vertices belonging to 1st community in Solution2  {2,4,5,6,10}
X=Vertices_Solution1 U Vertices_solution2 {1,2,3,4,5,6,8,10}
C= X-Solutionl = {2,3,5,10}

Modified Solutionl using C value

Communities
[AntPositions 1| 1 [1(1(1]|1|3|1|2|1

1 2 3 45 6 7 8 9 10

Modified_ Solutionl
If Modified_ Solutionl Modularity > Solution1 _Modularity
Then
Solution1= Modified_ Solutionl

Fig 4.5: One Step of Update_Ant_pos() procedure
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The steps shown in Fig 4.5 are repeated for all the possible communities while
retaining better solutions in every repetition. The algorithm for the ALOCD approach has
been illustrated by the following pseudo code:

Pseudocode of proposed ALOCD algorithm

Community_AntLionDetector (Input_File, Num_Nodes, Num_nets, Numclass , class,

Pop_size, Num_of _gen)

Input : Read the Benchmark files of communities

Variables: pop_ant, pop_antlion array of structures of solution of size (Pop_size
X Num_Nodes), Merge_solution array of structures of solution of size ( (2 X
Pop_size) X Num_Nodes)

Class- true community of community structure, Numclass -Total no.of true
communities

Output: Set of Best Communiites

Begin

[adj_array]=Create Netlist(File_lO, Netlist, A, Num_Nodes, Num_nets)
[pop_ant]=Initalise(Pop_size,Num_Nodes,adj_array)
[pop_antlion]=Initalise(Pop_size ,Num_Nodes,,adj _array)
Set iteration:=1
While (iteration <= Num_of _gen)
[Elite]=Findbest(pop_antlion,Pop_size,Num_Nodes)
For every ant i=1:Pop_size
For j=1:Pop_size
w(j)=pop_antlion(j).fit
Endfor
choice = RouletteWheelSelection(1./w,Pop_size)
If choice==-1
choice=1

endif
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roulete_antlion=pop_antlion(choice)
RA = Random_walk (Elite,Num_Nodes,adj_array)
RB = Random_walk (roulete_antlion,Num_Nodes,adj_array)
Cross_R= Update_Ant_pos(adj_array,RA,RB,Num_Nodes)
pop_ant(i)=Cross_R
If pop_ant(i).fit>Elite.fit
Elite= pop_ant(i)
Endif
Endfor
Merge_solution =Merge_Sort(pop_ant,pop_antlion, Pop_size,Num_Nodes)
[pop_antlion ]=Update_solution(Merge_solution, Pop_size,Num_Nodes)
Endwhile
[C]= pop_antlion(1).bit
[NMI] = Compute_NMI(class, C)
Print: 'nmi ', NMI
Print: 'Optimized Community ', pop_antlion(1).bit

End

A solution is encoded as a random permutation of n positions of ant/antlion
representing the communities of given input net list file pertaining to the social network. The
initial solutions are preprocessed by randomly picking a vertex V; and finding the immediate
adjacent to that vertex sayV;. The community value of V; is allocated to that of V;. This
process is repeated for rest of vertices until sufficient number of solutions for initial
population is generated. After initialization, the best antlion (elite) is chosen from the
generated population on the basis of modularity value of antlion. More modularity
contributes to better antlion. The quality of solutions/antlions is improved through random
walk. After random walk, if the new ants have high fitness than antlions, then antlion new
positions will become positions of the ants (for imitating the process of catching the prey and
the antlion is then required to change its position to the most recent position of the hunted ant
to boost its chance of catching new prey. In each iteration, the antlion with highest fitness is

substituted as best antlion (elite). The process is repeated until the optimal solution is
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obtained. At final stage, the first solution of the population with best modularity value is
printed along with their NMI value.
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Chapter 5

Experimental Results

5.1. Real-world Networks used as Benchmark

The proposed ALOCD approach is implemented using matlab 7.11.0 (R2012a) on
intel core i5 processor, with 4 GB RAM under 64-bit Operating System. The work is tested
on Zachary’s Karate Club, Bottlenose Dolphins, Books about US politics and American
college football network [20] benchmarks and results are compared with the ACO and EFF
[6, 4].

Zachary’s karate club as depicted in Fig 5.1 is mostly used as a community detection
networks. This club consists of 34 members which represents as 34 nodes and the

relationships between the club members is represented as edges.

Dolphins network as depicted in Fig 5.2 is proposed by Lusseau after observing the
behavour of dolphins. The 62 dolphins in this network is represented as nodes and the

connections between these dolphins are represented as edges.

Girvan and Newman proposed a network depicted in Fig 5.3 that represents different
football teams as nodes and the matches between any two teams as edges which was named

as American college football club.

The books about US politics is a network shown in Fig 5.4 published in 2004.

Newman divided this network in three communities on the basis of reviews and descriptions.

Table 5.1 shows the basic features of the real world networks and their
true number of community structures [20]

Benchmark Networks Nodes Edges True Communities
Zachary’s Karate Club 34 78 2,4
Bottlenose Dolphins 62 159 2,4
Books about US politics 105 441 3
American College Football 115 613 12
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5.2. Normalized Mutual Information

The performance of ALOCD approach is evaluated using Normalized mutual information
(NMI) [4,7,8,11] that quantifies the similarity between the detected and true community

structure .

28
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-

Fig 5.1: Zachary Karate club [20] Fig 5.2: Bottle Dolphins [29]

Fig 5.3: Books about US politics [29]
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Fig 5.4. American Football club [29]

NMI denoted as | (X, Y) is calculated using the following formula as shown below:

Cx vCy .. CijN
2221 2= Cij log(c_'cj

(X, V)= —

[ C
%% Cilog(Ci/M+ XX, € jlog(C j/N)

Where X and Y denotes two network structures, C - the confusion matrix. Cj; - the
number of nodes present in community i of X as well as in community j of Y , Cx(Cy) - the
number of classes in part X and Y, C;.C; - the number of elements in row i (column j) of C,

N -the total number of nodes in networks.

The greater the value of NMI, the more similar the true and detected communities are i.e.
better the solution quality. For both communities being same, the NMI value equals 1 and

NMI=0 signifies different communities.

Table 5.2 shows the results of implementation of the proposed approach over 10
different runs for a given set of benchmark networks. The algorithm computes the NMI value

and determines the total number of communities in each run, as shown in table 5.2.
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Table5.2 represents the NMI values and number of communities for multiple runs of ALOCD approach

Benchmark Networks

Number of Runs

1St 2nd 3rd 4th 5th 6th 7th 8th gth 10th
Zachary’s NMI 0.732 0.732 0592 0.494 1.000 0.732 0516 1.000 0.732 0.732
Karate
Club Number of 2 2 4 4 2 2 8 2 2 2
Communities
Bottlenose NMI 0.502 0.534 0.699 0.798 0.698 0.835 0.887 0.802 0.513 0.756
Dolphins
Number of 5 3 2 3 4 2 2 3 6 4
Communities
Books NMI 0.696 0508 0.449 0.506 0.726 0.733 0.431 0.668 0.705 0.534
about US
politics  \impberof 4 3 10 15 4 3 7 5 3 9
Communities
American NMI 0.537 0.608 0.503 0.804 0.775 0.795 0.665 0.850 0.611 0.759
College
Football \\imberof 17 16 14 13 12 13 22 12 20 14
Communities

*Bold faced values represent best results of ALOCD approach for respective benchmark networks

From the tabulated values as shown in Table 5.2, it is concluded that the proposed

approach is competent to detect 100% community structure information for Zachary’s karate

network [20]. Fig 5.5 reveals NMI value equal to 1 at 5™ and 8" run of the program execution

with the number of communities same as that of true community structure for Zachary’s

karate network.

Fig 5.6, 5.7 and 5.8 shows the NMI values of ten runs of ALOCD on Bottlenose
Dolphins, Books about US politics and American Football Club benchmark networks [20]

respectively. The 7" run of the implementation of ALOCD approach, the no of communities

found for bottlenose dolphins is equal to true number of community structures with NMI

value of 0.887 as shown in Fig 5.6.
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Fig 5.5: NMI values of ten runs of ALOCD on Zachary’s Karate Club
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Fig 5.6: NMI values of ten runs of ALOCD on Bottlenose Dolphins
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Books about US politics

0.8
0.7
0.6
0.5

0.4

NMI

0.3

0.2

0.1

0

1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th
|—0—NMI 0.696 | 0.508 | 0.449 | 0.506 | 0.726 | 0.733 | 0.431 | 0.668 | 0.705 | 0.534

Fig 5.7: NMI values of ten runs of ALOCD on Books about US politics

American Football Club
0.9
0.8
0.7
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0.5
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0.4
0.3
0.2
0.1

0
1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th

|—0—NMI 0.537 | 0.608 | 0.503 | 0.804 | 0.775 | 0.795 | 0.665 | 0.85 | 0.611 | 0.759

Fig 5.8: NMI values of ten runs of ALOCD on American Football Club

From Fig 5.7 it is clear that the number of communities found for Books about US
politics is equal to the number of true communities with NMI value of 0.733 at 6™ run of
program execution. Fig 5.8 depicts same number of communities as that of actual one at 8"

run of implementation for American Football with NMI value of 0.850.
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Table 5.3 shows the count and nodes of wrong communities along with best NMI of all networks

Benchmark Networks NMI Wrong communities Nodes in Wrong communities
Zachary’s Karate Club 1.000 - -

Bottlenose Dolphins 0.887 1 [20]
Books about US politics 0.733 6 [8, 15, 28, 46, 54, 89]

[10, 18, 23, 32, 39, 47, 52, 54,65,
78, 82, 86, 101]

American College Football 0.850 13

The table 5.3 clearly shows the very good performance of ALOCD approach for
Zachary’s Karate Club Benchmark Networks. The solutions found by ALOCD approach split
the communities into 2,3,12 clusters with 1,6,13 nodes misplaced for Bottlenose Dolphins,

Books about US politics and American College Football respectively.

Table 5.4 shows the comparison of best NMI values of ALOCD, ACO [6] and EFF [4] algorithm and also
shows at best NMI the respective communities found in all networks

Benchmark Networks NMI and No. of Communities ALOCD ACO EFF
NMI 1.000 0.687 0.998
Zachary’s Karate Club
Communities 2 2 4
NMI 0.887 0.587 0.988
Bottlenose Dolphins
Communities 2 2 4
NMI 0.733 0.560 0.599
Books about US politics
Communities 3 2 4
NMI 0.850 0.890 0.798
American College Football
Communities 12 12 11

The results of the proposed approach are compared with ant colony optimization
(ACO) [6] and enhanced firefly algorithm (EFF) [4] in terms of best NMI values obtained.
From Table 5.4 and Fig 5.9, it is clear that for Zachre’s karate network, the proposed ALOCD
approach detects 100% true community structure, for Dolphins the algorithm has obtained
best normalized mutual information of 0.887 close to EFF best NMI value, while the NMI of
ACO was 0.798 and for Books about US politics the algorithm has highest NMI value i.e.

0.733 respectively in comparison with other approaches.
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Comparison of ALOCD, ACO and EFF
NMI values for all networks

1.2 4

1 - PN
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0.4 - EFF

Zachary's Dolphins Polbooks Football

Fig 5.9: Comparison of best NMI values of ALOCD with ACO and EFF algorithm NMI

values for four real world networks

On the American College Football network, ALOCD obtained best normalized
mutual information of 0.850 close to ACO best NMI value, while the NMI of EFF was 0.798
as shown in table 5.4. The proposed approach is able to detect the true number of

communities with NMI value close enough to NMI value of true community structure.
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Chapter 6

Conclusion and Future Scope

In this thesis, various community detection algorithms and also the various
evolutionary approaches have been described that was applied for solving the community
detection in networks. The proposed approach optimizes the modularity function and is able
to identify densely connected groups of nodes having sparse interconnections. The
performance of the algorithm is measured in terms of Normalized Mutual Information (NMI)

function.

The algorithm is tested on four real-world networks i.e. Zachary’s Karate Club,
Bottlenose Dolphins, Books about US politics and American Football Club. The
experimental results show 100% community structure information detection for Zachary’s
Karate club. The approach also gives promising results for other networks by finding the true

number of communities with NMI values close to true community structures.

The ALOCD approach is also compared with Ant Colony Optimization (ACO) and
Enhanced Firefly algorithm (EFF) over given set of benchmarks. The approach outperforms
EFF and ACO for Zachary and Books about US politics and produces results better than
ACO and comparable to EFF for Dolphins and also produces results better than EFF and
comparable to ACO for American Football Club.Thus, ALOCD algorithm produces efficient

results for these four real world networks described above.

In future, the work can be further extended for other bigger real world networks like
Facebook, Twitter etc. This nature inspired approach can be improved to solve the problem of

community detection for overlapping communities and dynamic community detection.
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