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ABSTRACT

Real world social network is represented as a graph structure which has a
collection of non-empty set of nodes and set of connections of nodes. The nodes in a
social graph are people, and edges represent the connection between them. People in
the society are naturally grouped to form communities in their workplace, friendship
and family. The study of complex social network topology has triggered the interest of
many scientists in recent years. Some important features of a social network need to be
understood in terms of node density in cluster, degree of node, reachability, size of
network, geodesic distance and diameter. Thus, the idea of community within a social
network has emerged as an educational tool for social network analysis that lays the
foundation for some high-level initiatives. Finding community structure is the key to
research the structural components of relationships in the social network. Community
detection aims at grouping nodes based on the links between them to form strongly link
sub groups of graph from the whole graph.

Many community discovery techniques have been borrowed on inspired from
the problem of hierarchical clustering, graph partitioning in modern graph theory, as
well as the graph clustering or dense sub-graphs discovery problem in the graph mining
area. These algorithms were designed to reveal the mesoscopic nature of various
networks. It is not known how good the algorithm is in terms of computational time,
efficiency of these algorithms and accuracy, which remains still open. Community
detection in social network is one kind of the optimization problems because it cannot
get exact solution and only get an optimal solution. So, various types of community
detection algorithms attempt to capture the intuitive notation that nodes within the
group have higher intra-density and have lower inter-density with other nodes in the
other group.

Population-based nature inspired optimization algorithms have attracted
extensive research interests over the past decade. Researchers used these algorithms to
search the hidden communities in social networks. An enhanced discrete artificial bee
colony D-ABC algorithm is proposed for solving community detection problem in
social networks. In this thesis, some of the challenges and applications of social network
community discovery for analyzing network documents will be explored. The proposed
system focuses on undirected and unweighted social networks and considers the

connection of nodes for the community detection problem.



The proposed algorithm D-ABC is designed with an effective initialization
strategy with label-based solution representation and one way crossover operation of
genetic operators is used in the search strategy process. D-ABC selects modularity
function as the fitness function of each solution. The efficiency of searching process
can be improved by heuristic function which contain genetic algorithm operations. Most
of the real social network community detection problem do not know each community
size and numbers of community. D-ABC algorithm can also detect communities in
social network that does not know real community numbers and sizes. When it detects
the communities on a network structure, it uses neighbor nodes similarity measurement.
In this thesis, standard social datasets with ground-truth results and various scale real-
world networks without ground-truth from the Stanford Large Network Dataset
Collection are used. The performance of the proposed system is assessed by accuracy,
efficiency and effectiveness. The result indicates good quality with accurate

communities as well as their density improvement.
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CHAPTER 1
INTRODUCTION

Humans tend to live in society by grouping together into large or small
community structures. A community evolves totally according to religion, gender,
interest, hobbies, work category and many others. In recent decades, the advance of
internet technology has created virtual groups, communities and societies where people
connect and share their information. Despite the distance around the world, people are
trying to socialize through social networks. The social networks have grown to the
foundation of digital socialization and assisted individuals to share the information with
their friends and family members. These networks need to be analyzed from different
perspective based on the importance of the networks to find the most prominent
personalities on it. People in these virtual networks can be categorized into community
structures like our physical cluster or community. Today, the detecting of communities
in network has become one of the important functions in social network analysis.

Real social networks are created as the graph structure. Vertices in the network
represent individual actors or organizations and link represents the connection between
nodes. The resemblance values among vertices and they can be made as contributors to
their correlating community. A community can be a collection of relationships between
individuals, groups of objects, groups of business, family member relationships, groups
of education and occupation groups that behave the same. Usually, the community is
set up like a partition of a social network by detecting them. It is also related with the
clustering of a social network into various connected subgroups or communities, with
strong cohesion or interactions between nodes in subgroups.

Many approaches from various areas, such as telecommunications, physics,
computer science, mathematics, biology and sociology have been used to detect
communities in social networks. Example of community structure in scientific
collaboration helps to discover a community of researchers who work in or have
expertise in similar research areas. Community detection in social network also helps
to find a person who joins a particular group based on the relationship they have
between members of a particular group. It can be affected in information science,

geography, sociology and marketing.



1.1 Research Problem Statements

The community discovery problem requires partitioning the network as a group
of densely connected nodes where nodes belonging to groups are sparsely connected.
Social network community detection has two computational complexities. They are the
size and structure of social networks that evolve over time. There are many different
types of detection algorithms for community. The most concerning problem in social
networks community detection is the validity of communities. Traditional community
detection algorithms cannot detect effectively community results in various scale of
networks. Large-scale network community detection is very difficult and has not yet
been sufficiently solved. Over the last few decades, scientists worked the great effort
on detecting community structure in various networks.

Social network community detection has become NP-hard optimization
problem. If the number of nodes in the networks increases, the networks computational
complexity will grow exponentially. The issue of choosing a particular community
detection algorithm (CDA) is important when the goal is to disclose the network
community structure. Some algorithm can effectively solve in large scale networks and
other can only solve small scale networks. An effective community detection algorithm
is needed that can solve various size of networks. Then, the choice of a given
methodology should influence the outcome of the experiments. Researcher used swarm
intelligence-based algorithms which are proposed to solve the optimization problems.
In optimization-based methods, the results quality of network community are measured
by using the quality functions. The efficiency of algorithm is based on the result of
quality function and search ability of the algorithm. The proposed system evolves the
background theory of nature inspired based Artificial Bee Colony (ABC) algorithm, to
find the optimal solution in community detection problems. It contains a number of
possible solutions. They are numerically encoded and then calculated fitness function
to get optimal solution.

Finding communities in complex network have many challenges. Network can
be huge: millions of actors and billions of interactions among actors. When existing
community detection method applied directly to network this size, it will fill. Next
challenges are to find algorithms that generate valid results within reasonable

computing time.



1.2 Motivation of the Research

Social networking sites are effectively building societies and communities.
These societies are viewed as a network of nodes that represent the depiction of people
and edges. It is a great and efficient way to store, model and display complex systems
which have many data. Therefore, an effective and quick community detection method
is needed to analyze the various size of social networks. Community detection is very
important in many applications for understanding and extracting information from
complex systems. It has been extensively studied over the last few years. This research
work contains the studies of existing community detection methods and proposes a new
community detection method by evaluating these algorithms on the real datasets.

Social networks contain cluster groups based on people’s interest, location,
occupation and other similar factors. A useful tool for analyzing large and complex
network is community discovery. The problem that community detection tries to fix for
identifying the groups of nodes that are more closely connected than any other network.
Community detection in various network has led to important findings in various
domain area. It shows that community is a meaningful organization unit and that
provides new insights into the structure and function of the entire network under
investigation. The result of community can be used in other areas such as link prediction

[54], recommendation, customer segmentation, influence analysis and vertex labeling.
1.3 The Objectives of the Research

The objectives of doing the research on this field are to detect the quantitative
community structure for the given network dataset and to check the accuracy of
members in each community. To achieve this purposes, the research works are done as
follows:

e Finding the structure of social network

e Making sense out of social network that is to extract information about
individuals from the network they participate in.

e Discovering complex community patterns of social network

e Showing how to create graph using GraphX in Spark for large network

e Evolving the effective community detection algorithm (CDA) for
various scale social network

e Taking out the important information from each community

3



e ldentifying the validity of members in the communities.
e Understanding the data of social network based on nodes and its relation
with others.

e Developing effective iterative community detection algorithm on Spark
1.4 Contribution of the Research

This research proposed the efficient and effective community detection
algorithm called an enhanced discrete artificial bee colony algorithm (D-ABC) for
various kinds of social networks. The major contribution of this research is to propose
the effective community detection algorithm (CDA) for well-connected communities
in different sized networks. It is bases on Artificial Bee Colony (ABC) Algorithm and
is redesigned to fit community problems. Label propagation based effective
initialization is used for population initialization, and an effective strategy is proposed
to generate the initial population and to reach an optimal solution quickly. GraphX is
used to store graph structure especially for large network because graph data is too large
to fit on a single machine for large scale networks. The proposed DABC algorithm is
experimented on Spark Framework for mining community structure in various-scale

complex social networks, especially for large networks.
1.5 Organization of the Research

The dissertation is structured with six chapter. Chapter 1 describes about the
introduction of community detection in social network, motivation, objectives and
contribution of the research work. Chapter 2 reviews the literature survey on different
kind of community detection algorithms for different networks and their usage in many
different application areas. Different types of community detection algorithm (CDA) in
various kind of networks are discussed in detail such as hierarchical based community
detection algorithms, community detection algorithms based on graph partitioning,
clustering and modularity values. Quality metric functions of results community are
also discussed in this chapter.

Chapter 3 represents the relative methods of graph representation, artificial bee
colony (ABC) and other related theory for this research. Chapter 4 presents the
proposed system detailed explanations of an enhanced version of discrete type Artificial
Bee Colony Algorithm called Discrete Artificial Bee Colony (D-ABC) Algorithm and



it is tested on Sample networks and Karate Club network. There are three core steps:
population initialization, find best solution using D-ABC, and produce the best solution
as an output. Chapter 5 explains about dataset, the detailed analysis social networks that
contains real results and other various kinds of networks. Then, evaluate the result
quality using quality metrics for algorithm’s efficiency, accuracy and effectiveness.
Lastly, Chapter 6 describes the conclusion together with discussion and research
findings, and future works. The most important contents of the proposed solution are

brief and the future research direction is suggested in the last Chapter.



CHAPTER 2
LITERATURE REVIEWS AND RELATED WORKS

In recent years, user interactions on social network have grown tremendously
regardless of time and location. These increment interactions have caused huge datasets
with vast range to extract interesting user behavior and understand the network. Today,
internet technology is developing and people can connect each other using this
technology. Many information about the connections between users can be obtained
through analyzing network relation which can complement other kind of user’s detail
information. The analysis of this data can provide basic information that are important
for tasks such as recommendation and help in network visualization and navigation.
The rapid growth of social networks makes it essential to identify the structure of the
community. Firstly, community detection task in disjoint and overlapping communities
among different type of social network is reviewed in this chapter. Secondly, various
types of related community detection algorithms will be described in this chapter.
Thirdly, evaluation metrics for community detection is presented and its application
areas are described.

2.1 Social Network Community Structure

Social networks are constructed as a graph structure G (V, E), which contain a
set of nodes or vertices (V) that corresponds individuals or organization and a set of
two node connection or set of edges (E) . The community detecting process is to
discover the clusters or cohesive groups in the network. The network community
structure is represented as C={cu, Cz,...,cn} and each community contains a set of vertex
groups with high edge density between vertices and low edge density between different
groups. Example of social network communities are an organization based on same job
group, scientists’ coauthors who published papers in a same area, citation networks
based on research topic and metabolic network based on functional groupings. Social
network community detection can provide knowledge about how the topology and
functionality of the network affect each other [24]. Discovering the community
structures in social network make members in this network can easily interact with
people with similar and comparable result. Today, the enormous growth rate of social

network requires intensive research from recent research done to identify community



partitions in social networks. Vertices in networks are often grouped into tightly packed
cluster with high density of edges within a cluster and low edge density among other

groups.
2.2 Disjoint and Overlapping Community Detection

Community detection is the task of separating a set of network vertices into
subset, with the connections in these subsets being denser than the connection between
them. These subsets are called communities, and each community is a subset of vertices
that are more closely connected within the group than the other group members in the
graph. Community structure C on the graph G = (V, E) is determined as C = {cy, 2, ...,
cn} where ¢i N ¢; =@ and U/Y, ci=V. where c; is a non-empty subset of v and nc denotes
the number of communities in c. The input of the community detection problem is the
graph structure and output is a community structure. Figure 2.1 shows the disjoint or

non-overlapping and overlapping community structure for a sample network.

(@) Disjoint Community Structure (b) Overlapping Community Structure

Figure 2.1 Two Types of Community Structure

Disjoint community structure means every node has one and one community
means a single vertex belongs to at most one community. Example is in karate club
friendship, vertex is a karate club member and edge is member friendship. Each
member has only one community. That understand the interactions among members
and help the network visualization. Overlapping community structure aids, each node
can be owned by one or more groups, means a single vertex belongs to possibly multiple
communities [21]. Categorization is based on algorithm design ideas such as clique
percolation, link partition, and local expansion, dynamic and statistical inference [48].

The first overlapping community detection algorithm (CDA) was proposed by
Palla et al. [41]. The algorithm used k-cliques based approach in which clique was a
subset of nodes. Each node was adjacent to every other node. K-clique defines size of



clique such as 3-cliques represents each sub cluster contains three nodes. Node becomes
a member of more than one community. Shen et al. [51] proposed another clique based
overlapping community detection approach. The proposed algorithms used overlapping
modularity measure based on number of maximal clique. In 2010, Chen et al. proposed
overlapping CDA for weighted network. This algorithm used local algorithm to expand
a partial community starting from a unique node [8].

Yaozu Cui and other coauthor described an overlapping community detection
in complex network. The author found that cluster coefficient and maximal sub graph
between two neighboring communities. All the subgraphs are eliminated from the
original networks and then they combined these networks based on cluster coefficient
of two adjacent maximal sub graphs. The new extended modularity method was used
to enhance the proposed overlapping algorithm [10]. Overlapping community detection

was the difficult task in social network analysis.

2.3 Community Detection using Graph Partitioning Algorithms

This section highlights the literature reviews on the graph partitioning method
used in community detection problem. Last year, many community detection methods
have been developed for social network. Researchers used graph-partitioning methods.
In graph-based clustering, cut the graph into several partitions. Partitioning algorithm
process a graph partitioning into a predefined cluster number of smaller components
that contain specific properties. A common property that needs to be minimized is
called the cut size. A cut is a set of graph vertices that are divided into two separate
subsets, and the size of the cut is the number of edges between the components. A multi-
cut is the set of links that divides a graph into two or more components. For graph
partitions, it must specify not only the number of clusters to retrieve but also the size of
the components. Otherwise, it may be useful to place the lowest order vertices in one
component and the remaining vertices in another component. The graph partitioning
method is not suitable for detecting communities in such cases, as the number of
communities is generally unknown in advance. For a given graph, divide the nodes of
graph into subsets no larger than a given maximum size, as to minimize the total cost
of the edges cut.

The Kernighan-Lin algorithm was one of the first techniques for solving graph
partitioning problems. It divides the graph nodes into subsets of given size to reduce



the total costs on all edges cut. A main disadvantage of this algorithm is that the number
of groups must be predetermined. W. Kernighan and S. L in 1970 [27] proposed the
Kernighan-Lin algorithm or KL algorithm that originated from graph partitioning
method. The two most important methods of community inference based on its degree-
corrected variant or the stochastic block can be mapped onto version of the familiar
version of minimum-cut graph partitioning problem. This is demonstrated by
modifying the Laplacian spectrum method to estimate the community. The algorithm
maximizes different modular value between the number of links within the components
and the number of edges between the components. KL algorithm is one kind of heuristic
based optimization algorithm that partitions the network into two given size
communities. It starts with initial solution then repeats the process to find the candidate
solution. It finds local optimal solution rather than global solution. It needs to know the
number of community and size of communities for a given network. It may be very
sensitive to preliminary conditions and it is able to get low efficiency for some
complicated networks.

Graph partitioning is to divide the graph into multiple parts while minimizing
an objective function. It divides the nodes of k clusters of pre-defined size, such that
the edges that present among the groups is minimal. It needs to know the number of
partitions is necessary. One kind of spectral bisection method is the well-known graph
partitioning algorithm. In the past years, it has been applied to clustering analysis of
complex networks.

The authors Luca Donetti and Miguel A. Munoz proposed improved spectral
algorithm to detect network communities [13]. It used quadratic optimization
techniques to reduce the given “cut” function that receive partitions with the minimum
“cut” was considered the most appropriate. According to matrix theory, the spectral
bisection method transforms a minimum “cut” problem into constrained optimization
problem and an approximate optimal solution of quadratic optimization problem can be
attained by computing the second smallest Laplace matrix eigenvector of the graph
structure network [14].

M.E.J Newman et al. took into consideration three distinct problems related with
the network structure community detection through maximization modularity by
statistical inference and normalized-cut graph partitioning [36]. They solved the
problem by using spectral algorithm that employ eigenvectors of the network matrix
representations. They described those specific options for the independent parameters
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that appear in the spectral algorithms. In these three problems, they computed the
principal eigenvector of the normalized Laplacian matrix and separated the nodes
according to the sighs of the vector elements. They showed that the algorithm in these
three problems becomes the same. The algorithm described that it differ from the
standard spectral algorithm for maximizing modularity described in previous literature,
but at least in the spectral formulation, there is no difference between these three
problems. Computer-generated network and real-world network are used, the results
for these networks appear to perform better than the traditional graph partitioning
algorithms.

The graph partition algorithm for community detection is not suitable for large
graphs because it requires to define cluster numbers and the size of each group.
Therefore, an effective algorithm is required that is capable of yielding this information

in its result.

2.4 Hierarchical based Community Detection

In this part, the community detection algorithm (CDA) based on hierarchical
algorithm is pointed out. There are two types of hierarchical community detection
algorithm. They are divisive algorithm and agglomerative algorithm. It is very common
in the analysis of social networks, biology, telecommunication and computer science
engineering, marketing and etc. Real world network is a hierarchical structure. It shows
the group of members in various levels, with little modules included in big groups,
which are gain part of larger groups and so on.

Divisive algorithm is top-down based approach in which the community
iteratively divided into two portions by deleting links between the nodes that have the
least similarity. Agglomerative algorithm is bottom-up approach that merges two
communities if they are similar enough. It begins with each vertex as its unique
community and finally end up with the entire graph as one network community if they
may be no longer stopped at a few earlier levels. The hierarchical algorithms have some
advantages than graph partitioning algorithm. It is unnecessary to know the information
about the number of cluster and size of each cluster. However, it does not allow to
divide among many clusters and to select one or more partitions that represent the best
community structure.

Most of the existing hierarchical agglomeration community detection

algorithms have either unsatisfied community detection results or high computational
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complexity. Mingwei Leang et al. proposed Community Detection Algorithm via
Community Similarity Measures (CDACSM) algorithm that is one of the new
hierarchical agglomeration community detection algorithms. The proposed algorithm
produce quantitative community structure and required low computational complexity.
Connected nodes are clustered as a groups, then make community measure and
combined community with the community merging rule. Then adjusted some nodes by
using SHARC that is an improve label propagation algorithm. Finally, it combined
communities based on similarity measure of community [31]. It used single node
community similarity measure and merging rule. The main purpose was to solve the
low accuracy and longtime complexity of agglomeration algorithm. It was suitable for
a large network.

Divisive algorithm has some demanding situations: how to efficiently identify
external links, how to correctly eliminate external link and how to end a divisive
algorithm without help is predefined parameters. Therefore, Xiaoyu Ding et al.
suggested a concept of the vulnerable link and autonomous partitioning. They proposed
the concept of weak links, a link-break strategy and an autonomous divisive algorithm
and broken link strategies are based on the weak link. No parameters, non-topological

information and community definition are needed [16].

2.5 Community Detection using Modularity-based Algorithm

Modularity-based CDA is also called Girvan Newman algorithm. Newman and
Girvan have proposed modularity function to calculate the strength of clustering in the
network. Modularity (Q) is well known quality measure function for community
detection. It attempts to achieve the cluster problem in its compact form. Most of the
cluster algorithm that used modularity are described in this section. Modularity is
designed to measure an objective quality for each split of a network into communities
(cluster or modules). It is used as an optimization method for discovering networked
community structures. In a highly modular network, the connections between nodes
within modules are tight but the connections between nodes on different modules are

sparse.

Newman proposed a greedy method for modularity maximization. The greedy
algorithm based on agglomerated clustering in 2004 [37]. It included the clusters of
nodes which are consecutively connected to larger group. Thus, the modularity value
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increased when the merging process finished. Clauset et al. updated Newman algorithm
that is due to the lack of adjacency matrix and it contained an excess number of
unnecessary processes [9]. This greedy modularity optimization tends to create quickly
large communities with small expenditures, often provides low values of maximum
modularity. Danon et al. proposed the normalization of the modularity Q variability
obtained by adding the two communities with the fraction of edges that happened to
one of the two communities in favor of small groups [11].

The high values of modularity mean the algorithm can detect better community
results for a given network. Network partition quality basically is based on maximizing
modularity value. Therefore, the maximizing modularity is the important for an input
graph. Ehsan Moradi et al. described a new parallel CDA based on modularity for large
network. The author proposed algorithm is based on the Louvain’s hierarchical
processing method that allocated threads to compute the aggregation modularity of two
adjacent communities. It prevents from thread interface and parallelization overhead
more than the previous parallel algorithm [17].

The aim of network community detection is to ensure nodes in the network have
higher intra-connection and lower inter-connection. In big data era, community
detection process has become one of the challenging issues in large scale social
network. Ranjan Kumar Behera et al. described the efficient community detection
algorithm based on modularity. It proposed that will have relatively less time
complexity as compared to other CDA. To reduce time complexity, k value is set in the
range from 2 to lama that rely on the social network size. Before algorithm execution,
Lama is a threshold value need to set. For small network, the value of k is 2 and for
huge network k must be larger than 2. Each node in the network is assigned one of k
value and using eigen vector corresponding to highest eigen value of modularity matrix.

This process is repeated recursively until modularity value is no longer increased [4].

2.6 Community Detection using Nature Inspired based Algorithms

Nature inspired algorithms mimic various process observed from nature. These
algorithms have become promising solution for solving different real-world problem in
a suitable way and have found a position among researchers to solve different real-
world problems that do not have exact solution but can be find an approximate solution.
They get effective capacity that provide acceptable solution to many real complex

problems. This section provides nature inspired based optimization algorithms to
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detected communities in different types of networks. Evolutionary algorithms have
produced a good solution for different kind of optimization problem. They produce
many possible solutions for community detection problem for social networks, which
come from a type of nature inspired algorithms such as bee colony algorithm, particle
swarm optimization, bat algorithm, genetic algorithm (GA), ant colony algorithm,
chicken swarm optimization algorithm, artificial bee colony (ABC) algorithm and etc.

Community detection has become an optimization problem based on the various
type objective quality functions that captures the better intra connection than the inter
connection. Ahmed Ibrahem Hafez and his coauthors modified ABC algorithm to detect
community in various networks. The proposed optimization algorithm applied different
quality functions are in the optimization process in order to evaluate their performance
[23]. Guogiang et.al proposed GA algorithm to detect community in complex network,
they used modularity density as the fitness function of proposed algorithm [22].

The large amount of data in social network is necessary to analyze and find
hidden connections between nodes. Ramadan Babers et al. presented community
detection problem as an optimization case and explained how to divide the network into
subgroups. Effective optimization technique called Lion optimization algorithm is used
to discover social network community [3]. The algorithm used with two different
optimization functions, modularity and community fitness to get more accurate result
and optimal community structure. The authors would like to consider some criteria to
improve the qualitative accuracy result and scalability of community detection problem
and will use nature based inspired algorithm to detect communities of social network.

In 2016, discrete bat algorithm for community detection in complex network
has been proposed by Anping Song et al. [53]. This algorithm automatically defines the
number of communities and can search global optimal solution than the previous
algorithm. The traditional bat algorithm is proposed by Yang in 2010. This algorithm
can be used to solve continuous problems. Community detection problem is one of the
discrete type problems. Therefore, authors modified the original bat algorithm and
proposed a novel discrete algorithm for CD various complex network. Modularity is

used as the objective function and this algorithm has the challenges for large network.

In 2007, Mursel Tasgin et al. used GA in complex social networks community
detection which is based on network modularity optimization. It does not need to know

the community numbers. The genetic based algorithms have several parameters like the
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number of chromosomes, mutation rate, crossover rate and other. A chromosome
contains N genes and that represent a candidate solution. The number of nodes in the
given network is represented as N and new choromsome are create by using one-way
crossover operation. The algorithm provides proof of concept in genetic algorithm and
capables of producing results consistent with previous algorithms and doesn’t aim to
find concert the parameter of genetic algorithm [57].

To get efficient community result, Clara Pizzuti presented the efficient
community detection algorithm using nature inspired based genetic algorithm called
GA-Net. The algorithm specialized variation operators that are aimed at only
considering the interactions between nodes, reducing the possibility of finding possible
solution and improving the convergence of the methods. The algorithm uses the locus-
based adjacency representation. This approach contains the concept of community
score to measure the result community structure result of a network and search optimal
solution by maximizing the community score [43]. Halalai et.al also used the genetic
algorithm with distributed nature to detect the community in complex network [46].

Researcher also proposed distributed approach for large social network
community detection using nature inspired based algorithm. Raluca Halai et al.
proposed distributed approach based on genetic algorithm for identifying scalable
community structure in complex network. They used the know community structure
given network and turn genetic parameters. Authors proposed a distributed genetic
algorithm on Apache Mahout Framework. They used locus-based representation for
graph representation, modularity and community score are used for fitness function and
chose uniform crossover operation and repaired mutation operator employed [30].

A parallel based algorithm for CD in complex network using evolutionary
approach are presented by Marius Joldos and Camelia Chira. A coarse gained
evolutionary algorithm is proposed and several populations of potential solutions are
advanced in parallel. Same individual representation is used in the parallel populations.
Each solution in the population can be evolved using different fitness function. Authors
will continuously develop these parallel community detection approach to reduce time
in larger network [26].

Forge large scale network, some researchers use parallel algorithm based on
spark framework. The authors tested parallel particle swarm optimization algorithm for
CD in large network on spark framework. This parallel PSO algorithm are designed
effective solution representation and specific updating strategy of discrete PSO for

14



parallel computing. A new Spark API for graph, GraphX is used to improve the ability

of handling large complex network [59].

2.7 Conventional Community Detection Algorithms in Igraph’s Library

Researchers proposed various types of algorithms to detect community in social
network. The following algorithms are famous community detection algorithms that
can be used by installing igraph library package in python and R.

Edge Betweenness Algorithm: It was performed by computing the edge
betweenness of the graph and cutting the edges with the highest edges betweenness
score. Then recalculated edge betweenness of edges and removed the edge with the
highest score [19].

Fast Greedy Algorithm: It is modularity optimization algorithm (MOA) to
detect community structure in given networks. First, every node is considering a
community and all relationships are removed in this algorithm. Then, each link is
inserted to this network and the two vertices is merge to increase modularity. This
process is done repeatedly until the highest modularity value is achieved [9].

Infomap Algorithm: It begins with encoding the network into groups. It then
sends the signal to a decoder through a capacity limited channel, the message is decoded
by decoder and creating a set of possible candidates for the original graph [49].

Label Propagation Algorithm: Raghaven et.al proposed label propagation
algorithm. Each vertex in the network is initialized one of k label. Then each node
assigns the label of its majority neighborhood node. This process will end when every
node has the same label as the majority of its neighbors [45].

Leading Eigenvector Algorithm: Newman proposed this algorithm which is
top down hierarchical modularity optimizing function that divide the graph into two
subgroups in each step. The division itself increase the modularity range appropriately
[38].

Louvain Algorithm: This algorithm is described by Vincent D. Blondel [6].
This algorithm finds small communities by optimizing modularity locally on all nodes,
then each small community is grouped into one node. It is based on modularity measure
and a hierarchical approach.

Optimal Algorithm: It calculates the community optimal structure in a given

social network in terms of maximal modularity score [38].
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Spinglass Algorithm: It is based on an approach from statistical physics. Edges
should connect the nodes in the same spin state (current context community), but nodes
of different states (belonging to different communities) need to disconnect [48].

Walktrap Algorithm: Walktrap algorithm is proposed by Pon and Latapy.
Start with an ungrouped partition and calculate the distances value between all adjacent
nodes. Then select two adjacent communities to merge them and update the distance
between communities. Its results are used to merge each community from bottom to up
[44].

2.8 Evaluation Metrics in Community Detection

This part outlined community assessment measure topology and mentioned
some popular validation measures used to compare the proven community with the
fundamental truth structure. Several metrics can be used to evaluate social structure
quality. If the society knows the network connection, it will be easier to assess the
communities identified by comparing them with community structures. Therefore, an
organized and detailed survey of the proposed metrics is needed for detection and
evaluation of the community structure.

Newman and Girven, 2004 to measure result quality of the communities,
proposed modularity metric. It became the most popular and widely used metrics for
CD [39]. In 2007, the authors presented resolution limit problem in modularity metrics.
They found that modular optimization may fail to identify smaller-scale modules that
depend on the total network size and the degree of interconnectivity of the modules,
even in cases where unambiguous modules are defined [18].

Benjamin H. Good et al. showed other problems of modularity called
degeneracies: this measurement allows for a high modular but structurally different
solution for a single graph. They also studied the range of behavior to maximize the
likelihood of a model pattern of augmented modular networks and show that the
important of the network size and components number [20].

Several versions of modularity resolution have been proposed to solve the
resolution limit problem of modularity by Arenas, Fernandez, Fortunaton and Gomez,
in 2008. They discovered the modularity by replacing edges with motif. And then

Lambiotte suggested that different types of quality functions with multi-resolution to
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solve the problem. The important values for the resolution parameter are selected by
using complementary measurement of the robustness of uncovered partitions [29].

The Rand Index (Rand, 1971) is a method of comparing modified classifier
based on a pair of classified properties. If one solution places both objects in the same
groups or one solution in different groups, it is called that two solutions correspond in
a few objects [47]. Purity measurement (Manning, Raghavan and Schitze, 2008) was
the first used in the context of community detection [34].

The comparing different social structures problem can be solve by measuring
the Normalized Mutual Information (NMI) metric. Danon et al. proposd NMI to find
community detection problem in networks and it can be used in many work [12]. It
based on the confusion metrics in which the rows represent the real communities and
the columns represent the detected community. It calculates normalize mutual
information of two community structures in network analysis. NMI score can be
calculated based on the real and the generated partition. The NMI value varies between
zero and one. Zero value means that the detect community coincide with ground truth
(GT) and one refers to a perfect match.

Orman, Labatut and Cherifi found that the measurements do not address
network analysis because they do not consider the network connection. They proposed
modified version of these measurement. In this case, poor placement with high grades
would result in greater punishment compared to low cuts. Modified version of NMI,
ARI and Purity are weighted versions, namely W-NMI, W-ART, WPU. Slightly
different from community detection work is the study of the development over time.
This issue has attracted a lot of research due to its great application to world conditions
[40].

2.9 Application Areas of Community Detection

This section presents application area of community detection and how this
community information can be applied to the development of various types of
application are discussed. There is a growing trend in using network science algorithms
including community detection methods, in various area of healthcare. These areas are
protein networks, healthcare fraud detection, drug prescriptions and drug abuse. The
authors try to find physician’s real medical specialties based on their prescription
history [52]. Community discovery in medical field can be used as an alternative for

missing values of the healthcare database and can help scientists and researchers to get
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more reliable and accurate results. Using big data and community discovery tool by
interviewing experts in the field. Authors attempted to explore a CD approach in an
innovative way to identify the real medical experts, concerning the history of their
prescriptions. Other researchers have not adopted this innovation approach. This is the
first study to identify the most specialized physicians by using prescription data to
implement community detecting methods.

Udrescu et al. [58] presented a new approach for analyzing drug-drug
interaction networks by adopting clustering and topological community detection
techniques such as the modularity based and energy model layout of community
detection algorithms. In addition, Landon etc. [30] explained a network science based
CD algorithm for identifying groups of physicians who are likely to have pre-
established relationships. Sun et al. proposed an outlier based fraud detection approach
in a heterogeneous network of physicians and drugs. This approach divides the doctor
into different communities and looks for outliers in each community [55]. A bipartite
graph if drugs and proteins linked by drug-target binary associations is created by
Yildirim et al. [62]. Using a powerful local clustering operation, similar types of drags
were categorized according to Anatomical Therapeutic Chemical classification.

Real world social network is represented as complex network. One of the
characteristics of social networks inherently contain a community structure. Many
researchers proposed community detection algorithm with different disciplines. It is
used to identify criminal user groups. Pinheiro et al. [42] studied CD of fraud events on
telecommunication network in order to identify customer behavior and investigate
outliers by using community detection.

Community detection result groups can be created from real person account or
bot account. They support or spread criminal ideas or terrorism-like activates. The
authors in [50] performed CD to detect the community in criminal networks, then they
also performed some manual analysis. CD is also used for politics to find political
ideologies or individual politicians on a particular social group. It can be specialized to
track evolution of this effect over time. This effect is typically created by influence or
astroturfing bots. Bots try to give a fake impression on real grassroots to support a
policy, individual, and product campaign [5].

Link prediction is used to assess the likelihood between members of a network
and to determine missing links, fake links, and future links. The underlying network
structure is discovered via a CD algorithm, then the possibility of being a link between
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two members is evaluated. Soundarajan and Hopcroft [54] showed that the information
of community obtained by CD methods improve the accuracy of similarity based link

prediction.

2.10 Summary

Community detection (CD) is a common problem in analyzing graph data from
the graph theory perspective. Graph community detection means that vertices in the
graph are grouped into tightly connected clusters, with high density within group edges
and low density between groups. Especially, community identification in large
networks is an important issue for many scientific domains. Researchers developed
different types of community detection algorithm to examine the structural feature of
real-world complex networks. This chapter presents related research of disjoint or
overlapping community detection in large social network. Firstly, it discusses the
community detection in social network and then reviews the two types of community
detection in social network such as disjoint community detection and overlapping
community detection. In the next part, it studies the graph partitioning based algorithm
for community detection. Then discusses the community detection in the point of
hierarchical algorithm. Moreover, the traditional community detection algorithms are
combined with quality function, modularity to get more effective community results.
Therefore, the community detection using modularity approach are also learnt in this
chapter.

Most of the previous CD algorithms have scalability and time complexity
challenges for large scale network. The exact community detection result can not get
for large scale network and algorithms can produce optimal result. The problem can not
solve polynomial time. Therefore, community detection become NP-hard problem. So,
researcher proposed natured-inspired based optimization algorithm for uncovering
community in large social network. Thus, nature inspired based community detection
algorithms problem are also discussed.

Various kind of scoring functions for community detection is discussed in one
parts of this chapter. Researcher can use different kinds of evaluation function consider
on the community detection domain. The final section reviews the different application
areas that use the effective community structure information to get their valuable

information.
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CHAPTER 3
THEORETICAL BACKGROUND

Many real-world networks are represented as a graph structure. One of the most
important cases of a graph analysis is the structure or grouping of the community.
Detecting the communities is a great important for computer science, biology,
sociology, etc., in which these systems are represented as graph. The communities can
be viewed as a summary of the entire network, and it is easy to understand.

Community means a collection of nodes in a group that have many edges. They
are connected to the same set of nodes and relatively small number of edges connected
to the nodes of the other groups. Finding community structure in a network can be
viewed as a relatively independent graph partition. When developing a community
detection algorithm in social network, it needs to consider two aspects such as
effectiveness and efficiency. The effectiveness of the algorithm means all the steps
necessary to obtain the result must be feasible with the available resources. Efficiency
is gained by using distance functions and clustering algorithm that can analyze
particular community structure in an efficient way. Many clustering algorithms have
been proposed by considering these aspects, which can be widely categorized in two
parts: data adaptation and algorithm adaptation. This chapter describes the background
theory of community details, graph based representation, community detection
framework for nature inspired algorithm, famous Artificial Bee Colony (ABC)
algorithm for solving optimization problem, quality metrics to measure the result

community quality and theoretical background of Spark architecture.

3.1 Graphs

Graphs used to model pair wise relationships between objects. Graph is a
collection of nodes and edges. Many real-world networks can be constructed as graphs
structure. Person or organization may be node and their connection may be edges.
Social network is shown as a graph structure with an undirected and unweighted graph
structure that means there is no distinction between the two nodes associated with each
edge.

This section introduces about graph notation, type of graphs and property graph.
A graph structure is indicated by G= (V, E) in which a graph G is composed by V and

E. The notation V = {v1, vo, ..., vn} are the set of nodes or vertices in the graph G and
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the notation E={(vi,v;) | vi,vj € V} are the connection or links between nodes. Graph
may be undirected or directed or unweighted or weighted. The notation of graph
structure can be varied based on the graph nature. An undirected graph is a graph in
which all the edges have bidirectional that means edges are unordered pairs of vertices.
In directed graph, all the edges point to single direction. A weighted graph represents
that each edge in the graph is assigned a weight or cost but unweighted graph does not
include this value. Figure 3.1 describes four different types of graph structure as an

example.

(c) Weighted Graph (d) Unweighted Graph

Figure 3. 1 Different Types of Graphs
3.1.1 Graph Representation

Graph representation can give many different perspectives and can make a
problem much similar such as more accurately and providing the right tools to solve
problem. The graph contains two components such as nodes and edges. These
components have natural correspondences to problem elements. In the theory of graph,
a graph representation is a way to store graph into the community memory. To represent
a graph, it needs a set of nodes and its neighbors that are vertices directly connected by
edges. For weighted graphs, weights are associated with each edge. There are several
ways of graph representation that depend on the density of the graph edges, the type of
operations and ease of use [66]. The most useful graph representations are adjacency
list and matrix.

Adjacency matrix is used to represent which nodes are adjacent to each other

and it is a sequential representation. There are edges that connect the nodes to the graph.
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This representation uses n-by-n matrix N. If one node i to node j have a connection, the
corresponding element N, Njj=1, otherwise N;j=0.The adjacency matrix use Boolean
vales 0 or 1 (means adjacent or not). Figure 3.2 demonstrates the adjacency matrix for
graph representation with undirected graph structure.

Nodes |1 |2 |3 |4 |5
1 0|1 |1 |0 |0
2 110 ]1 |1 |1
3 1 |1 1]0 0 |0
4 0 |1 |0 |0 |1
5 0|1 |0 |1 |0
(a) Adjacency Matrix (b) Adjacency Matrix Graph Structure

Figure 3. 2 Adjacency Matrix-based Graph Representation

Adjacency list based on a linked representation. In this representation, the graph
contains each vertex with a list of its neighbors. For each vertex i, store and vertices
array adjacent to it. So, ever vertex in the graph contains a list of adjacency vertices.
Vertices in an array is indexed by vertex number. The corresponding array element
points to singly linked list, close to v. Figure 3.3 shows an adjacent list representation

of the undirected social network graph.

1 —] 2 |3
2 1[(3]14]5
3[——f 12
4 | 2 |5
5 (2[4
(a) Adjacency List (b) Adjacency List-based Graph Structure

Figure 3.3 Adjacency List-based Graph Representation
The information acquired from social network depends on the representation
method used and the type of analysis required to be carried out in a certain social
network. Figure 3.4 shows the existing popular product for Graph System. According
to the figure, neo4j, TITAN and jena can be used for graph storage, GIRAPH, Dato,
GraphX, Flink/Gelly are frameworks for graph processing, boost, ScaleGraph and
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blazegraph can be applied for analytics and Gephi, graphviz and D3 are visualization

products.
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Figure 3.4 The Existing Products for Graph System

3.1.2 Node, Its Degree and Neighborhood of Network

In the network G, the degree of a node i is the number of nodes adjacent to i. If
a node that has many neighbor nodes, it will be the important node for a given network.
If the two vertices v and u have a connection, they will be neighbor. Let N; be the
neighborhoods set of vertices i in a graph that is the set of vertices in which these set

of vertices are directly connected to i with a link.

Table 3.1 Node, Its Degree and Neighborhood of Sample Network

Node Neighbor Node Degree
1 2,3 2
2 1,345 4
3 1,2 2
4 25 2
5 2,4 2

If two nodes have many common neighbors, they are more likely to share a link
in the future [56]. This will be using the number of common neighbors as a pair wise

proximity measure. The following Table 3.1 describes the sample node degree and its
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neighborhood for Figure 3.2 (b). The three columns describe the node name as Node,

neighborhood of each node as Neighbor Node and degree of each node as Degree.

3.2 Community Detection in Social Network

Today, the analysis of social networks has become one of the key areas of
research. Community detection is one kind of social network analysis tasks. Detecting
of social network community has become a key issue for effective advertisements, how
to track change and recommender systems. The community structure of social network
has real world communities and virtual communities. The group of users with social,
economic and political interests is the real world and a community created on social
sites is a virtual community. The emergence of communities in the graph structure of
social networks is reflected in this system.

The community is essential to the network and is vital for both exploring
networks and predicting connections that have not yet been observed. Social network
clustering structure is shown in figure 3.5. The simple social network contains two
community structure C = {C1, C2}. Node A, B, C and D are in the same community
C1 and node E, F, G reach in the same community C2. A graph or network is one of
the most common and intuitive technique to represent the individual or objects from a
dataset and also includes their interactions and relationships. Communities means
group of densely connected nodes, while the relationships between communities are

sparse.

Figure 3.5 Community Structure of Simple Social Network
Discovering community structure is a process that discover the group structure
of vertices in a given network and helps to better understand the architecture of the
network. Estimating all clustering probabilities is a difficult NP-hard problem.
Therefore, this is not an easy task and many algorithms were proposed using different

strategies and used different kinds of objective functions. Finally, the result
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communities’ structure can be measured using evaluation metrics and these metrics are

discussed in the next part of this chapter.

3.3 Framework using Nature Inspired-Based Community Detection Algorithm

Many different approaches and algorithms are proposed to analyze the
community structure of complex real world network. These algorithms use techniques,
method and principles in physics, graph theory, mathematics and artificial intelligence.
These algorithms are not satisfactorily solved the community detection problem in
some large networks. The community detection in social network has become an
optimization problem.

Many heuristic search algorithms are applied to solve the optimization problem.
The nature-inspired based algorithm is a heuristic method that is based on the
optimization of quality metrics. Therefore, researcher applied various nature-based
heuristic algorithms to evolve optimal communities for social network and then showed
to outperform the previous community detection method in terms of computation times
[2]. Nature inspired-based algorithm is population-based optimization algorithm. It can
get acceptable solution when solving many real life complex problems. Figure 3.6

shows the step by step procedure of the nature inspired-based algorithm

Algorithm 3.1 : Nature Inspired-based Algorithm

1. Initialization all individuals in the population or search agents
2. Evaluate the population and find the best solution
3. Repeat until the stopping criteria is met
i.  Compute the fitness function for all solutions in population or search
agents
ii.  Find the best optimal fitness value
iii.  Calculate the new fitness value obtained against the previous one
iv.  If the new fitness value is better than the old one, then replaces the
fitness value with the newly obtained value
v.  Retum the best fitness value

4. Exit

Figure 3. 6 Pseudo Code of Nature Inspired-based Algorithm
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Figure 3.7 Categories of Nature Inspired-Based Algorithm.

There are two classes of nature inspired algorithm such as evolutionary
algorithms and swarm optimization algorithms. The hierarchical structure of nature-
based algorithm is described in Figure 3.7. Evolutionary based algorithms use crossover
and mutation process that enables the solution to the problem to be found. Swarm-based
algorithm observes movement or search strategies to optimize a population. The
complexity of framework depends on optimization algorithm’s complexity and quality
function for the application domain. This session presents a framework to apply
heuristic search optimization strategies to detect community by using various type of
nature inspired algorithms. This framework composed with four main parts such as
analysis, initialization, evolution, and result generation phases.

Analysis, initialization and result generation phases process are similar in all
proposed algorithm. Evolution phase is modified for developing the evaluation of new
proposed nature based algorithm or existing algorithm to detect community structure in
social networks. Phases in this framework are independent each other by modifying
only one evolution phase which makes the design flexible to test different algorithm.
Researcher used this framework for community detection problem as the flexible
platform. The Figure 3.8 shows the overview architecture of each phase and support
modules [3]. Its supports module contains common functions such as quality metrics,
cluster form and genetic operator such as crossover and mutation can be used to support

the execution of these phases.
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Figure 3.8 Framework for Community Detection using Nature-based Algorithm

3.3.1 Analysis Phase

In this phase, the relationships and main entities in the organization are
searched. Main entities identification done for creating social graphs and collecting the
need of organization for future evaluation. After finishing the key entities identification,
their relationships are analysis to construct social graph. These will be recorded and
tracked to create the relationship matrices, which are constructed into a social network
graph. Figure 3.9 shows the example of creation of a social network in which six actors
in an organization. Adjacency matrix is used for social network graph representation.
In the matrix position Nij; (describes in graph representation section) stores the number
of interactions between node i and node j.

The diagonal matrix will be zero because there is no individual connection to
himself. When creating graph, the total interaction between node i and node j exceeds
acceptable distance (this example defines 4 for demonstration). Here, the social
interaction graph shows as an undirected unweighted graph for simplicity. Therefore,
the entries in the matrix of above triangular matrix and the related things in the lower
triangular matrix are average. If the value between the two nodes is larger than the

thread limit, the edge will be create between the two nodes.
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Figure 3.9 Example of Creating Social Graph
3.3.2 Initialization Phase

In this phase, a set of randomly initialized individual that represent the popular
generations that will be optimized in the next phase. The analysis phase interaction
graph is delivered as the input of this phase. For the number of nodes V and the set of
edges E in graph G = {V, E}, the set of individual solution in population are generated
by using various type of initialization strategies. Disjoint community detection strategy
(node based initialization) is presented in this system. For community detection
problem, there are two famous type of population initialization such as locus-based
solution representation and label-based solution representation. In two schemas, a
vector of V positions represents individuals.

In locus based initialization, individual vector is represented as X = {X1, Xz, Xs,
..., Xn}. Each i™ vector in X is composed as Xi= { x[0], x[1], ...., x[v]}, in which v is
equal to the number of nodes. Figure 3.10 describes the locus based initialization
example. Each index position in the vector and its corresponding value is nodes of the
corresponding value. A value x [4] =3 means that node 4 and node 3 have a connection
or edge. This value is chosen randomly from the neighbors set of node 4. After
initialization, it decodes the result cluster. Get two node clusters 0-1-2 and 3-4-5.

Node |0 |1 [2 3[4 |5 @ e
value |1 |0 |1 |4 |3 |4 \: °‘

(a) Node vector (b) Communities of nodes

Figure 3.10 Locus-based Initialization
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In label based initialization, individual vector is represented as X = {X1, Xz, X3,
..., Xn} and each i vector can also be described as Xi= {x[0], x[1], ...., x[v]}. Each
vector position is an integer value in the range {1,2,3..., k} in which k means the
number of communities for the network. Each j* value of vector array specifies the
cluster label they belong. If the index values of array are same, these nodes reach in the
same cluster. Figure 3.11 describes the label based initialization example. In which
node 0, 1 and 2 are in the same community label and node 3, 4 and 5 reach in the same

community.

Node |0 |1 |2 (3 |4 |5
value|1 |1 |1 |3 |3 |3

(a) Node Vector (b) Community of Nodes

Figure 3.11 Label-based Node Initialization

The proposed nature inspired based community detection algorithm can apply
various initialization strategies depending on the community requirements of the
application domain. After initializing population, the quality of result cluster of each
solution can be calculated by using various kind of evaluation metrics. The evaluation
metrics are discussed in the next sections. A better quality of community result means
that each subgraph has strong intra connection and weak inter connection to other sub
graphs. For further optimization, this is given to evolution phase through different

refining methods and selections.

3.3.3 Evolution Phase

After getting the population from the initialization phase, the new or existing
nature inspired based algorithm is used to get a certain number of generations of the
cluster results. To evolve the fitness quality of each individual for next generation,
individual solutions are chosen to perform the operations such as crossover, mutation
or search space. The operators can differ based on the optimization strategy of the
proposed algorithm and it helps to improve the individual vector’s fitness. Evolutionary
based algorithm work crossover and mutation and swarm based algorithm use space

search. If the vectors contain the better quality result, they will choose for next
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generation. Individuals are generated using repetitive refinement with different operator

that improves the fitness of communities and helps in evolving next generation.

3.3.4 Result Generation

After evaluating the maximum iteration for evolution population by creating a
new population, the clusters result with the best fitness value in the final generation is
selected as an output.

The above framework can be abstracted for testing and evaluating new nature-
based algorithms of varied complexities for community detection problem. The
quantitative community result relies on the efficiency of solution initialization and
evolving strategies during evolution.

Various kind of nature inspired algorithm have been used to evolve optimal
communities in many real life complex network. Most of applied algorithm for
community detection are Particle Swarm Optimization, Group Search Optimization,
Genetic algorithm, etc. It is used to improve the convergence and optimality of

communities.

3.4 Artificial Bee Colony Algorithm

Since the last two decades, analyzing the behavior of the swarm system to
describe new intelligent approaches has been the ongoing research for researches.
Swarm intelligence algorithm use the collective behavior of animals or inserts such as
bat, fish, ant, lion and etc. The researchers tend to solve the optimization problem and
decide to apply many heuristics based search algorithm. Among them, Artificial Bee
Colony (ABC) algorithm is one of the most widely applied algorithms to solve
numerical optimization problem. It is a swarm based metaheuristic algorithm proposed
by Karaboga in 2005 [15].

This algorithm simulates foraging behavior of honey bee in nature. Many
numerical optimization problems have been solved by ABC algorithm such as
clustering, energy minimization, routing, process scheduling, travelling salesman
problem and other various optimization process. This method became popular and it
can widely use, because of its good convergence properties. ABC algorithm consists of

three set of bees such as employed bees, onlooker bees and scout bees. The main steps
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of the artificial bee colony algorithm are described in Algorithm3.2 that are described

in figure 3.12.

Algorithm 3. 2: Artificial Bee Colony (ABC) Algorithm

1: Initialization

(R

: Evaluation

T

: Repeat until maximum cycle number
i.  Employed bee phase
ii.  Calculate probability for onlooker
iii.  Onlooker bee phase
iv.  Memorize the best solution
v.  Scout bee Phase
4. Exit

Figure 3. 12 Artificial Bee Colony Algorithm

Firstly, ABC algorithm produces a randomly distributed initial population (the
set of solutions Ns). Ns is also the number of food sources and each food source means
the possible solution for the optimization problem. Each solution in SN has D
dimensional vector, in which D is the number of optimization parameter. Then evaluate
the quality of each food source using one kind of objective function. The quality of food
source means the fitness value of each solution. After initialization, the population is
exposed to an iteratively maximum cycle number of two major steps such updating new
solution in three bee phases and select the best solution in each iteration to get optimal
solution.

In the employed bee phases, each employed bee chooses a new food source
based on the neighborhood of previous food source position. It generates a change to
the position in its memory and checks the quality of the candidate source. Then
employed bee memorized the higher quality food source. If new food source’s is better
than that of old one, the old food source is replaced by new candidate food source. After
completing the search process, all employed bees share the fitness value their new food
sources to the onlooker bees on the dance area. The new food source is found by the
following equation 3.1.

vij = Xjj + 035 (Xjj — Xij)
Equation 3.1
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where vij is a new food source modified by the previous food source Xij, Xxj 1S
the randomly selected position from neighbour food source, indexes k and j are chosen
randomly k € {1, 2,..., SN} and j € {1, 2,...,D}, k is determined randomly (k !=1), ©jj
is a random number between [-1, 1]. The fitness value of each food source is essential
for finding the global optimal. After selection the candidate food sources by using

greedy selection, the fitness function is calculated by using Equation 3.2.

1
if f. >
fit,={ 1+ o 620
1+ abs(f)) , if f;<0

Equation 3.2
where fit; is fitness value of i""food source and fi is the objective function value
which is defined according to the problem.

An artificial onlookers use probability based selection process to select relevant
food sources. If the food source has the higher nectar amount, probability of a food
source for selected by onlooker bees will increase. The quality of food source is
evaluated based on Equation 3.3 probability function.

P = Sféi
-1 fit

Equation 3.3
Where P; is the probability of food source i, fiti is the fitness value of the food
source i, that is calculated in equation 3.3. After the onlooker bee selects a food source,
it finds a new candidate food source from a randomly search in the neighborhood of
food source using equation 3.1. Then, the algorithm memorizes the best food source in

all food source.
In scout bee process, if the fitness value of the food source position cannot
improve or reach predefined limit, it will be abandoned and replaced by a new food
source position. So, scout bee randomly searches new food source (solution) by using

the Equation 3.4.

X{ = X]rnin + rand(O,l) (Xinax - X]rnin)

Equation 3.4

j . .y . . . . j
Where x;,,,is upper bound of food source position in dimension j, x,,,... lower

bound of food source position in dimension j and rand (0,1) is a random number in the

range [0,1].  The number of iterations is controlled by using maximum cycle number.
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The process will repeat until the output of the objective reaches a defined threshold
value or the number of iterations equals to maximum cycle number.

In ABC, each food source represents a possible solution for optimization
problem and the nectar amount of a food source correlate with fitness value of each
solution. The number of employed bees is equal to the number of food source and there
is only each employed bee on each food source. Employed bees and onlooker bees
performed local selection process called greedy selection process. In this process, the
nectar amount of the candidate source is better than the old one, the bee forgets the
current food source and memorizes the candidate food source. Else the bee remains the
present one in the memory. A random selection process is performed by scout bees. In
this process employed bees and onlooker bees carry out the exploitation process in the
search space and scouts control the exploration process. Figure 3.13 shows the flow
diagram of the artificial bee colony algorithm.

Comparative studies indicated that ABC performance is compared with other
population based algorithm such as Particle swarm optimization, genetic algorithm
(GA) and differential evolution algorithm (DE). The general idea of ABC begins with
random solutions and then attempts to find better solution for searching the
neighborhoods of the current best solutions and abandoning unpromising solutions.
Advantage of ABC algorithm is that it has few control parameters than other nature
inspired algorithms. It has population size, limit and maximum cycle number MCN.
ABC is the fast convergence speed, simple, flexible, robust, contains both exploration
and exploitation and it can easily be combined with other type of optimization
algorithms. The disadvantage is the limitation of search space by initial solution

because normal distribution should use in initialize step.
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Figure 3.13 Flow Diagram of the Artificial Bee Colony Algorihtm
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3.5 Evaluating of Community Detection Methods

Detecting community is a fundamental task of network science that finds to
describe the giant networks structure by partitioning its vertices into communities based
on their connection to partners. It is similar to the graph clustering and both attempts to
identify meaningful groups within a dataset. After getting the result of communities, it
needs to map with the set nodes back to the real world to see whether they appear to
make intuitive sense whether it is a possible social community. For a given network,
different algorithms usually give different results. Thus, evaluating the performance
and finding the best one is very important for these algorithms.

Generally, when evaluating the final result of community detection algorithm,
there are two main parts. The first thing is to make sure the output results are accurate.
The next part is to assess the performance in term of processing time and memory usage.
For community detection problem, it is not clear the first evaluating because of the
nature of problem and dataset under study. So, most of the evaluation measure is used
to compare the goodness of its output. The testing strategies of community detection

algorithms depend on the following cases:

1. The problem is that there is no knowledge of the output result and therefore
use quality measurements to evaluate methods.

2. If unable to find similarity, possible measurements are used to adjust
similarities about how the output result of that method are possible.

3. There may be more than one solution, similarity and quality measure can be
used in evaluation process.

The following section discusses the evaluation metrics to test the quality of

community detection methods.

3.5.1 Evaluation Metrics

A good quality measure of a community needs to be able to distinct a
community such as a group of nodes in a network from just randomly connected a group
of nodes. When assessing the quality of detected communities, if there is no ground
truth (GT) for communities, it will use quality function that characterizes how
community like is the connectivity structure of a given set of nodes. All metrics are
based on the intuition that communities are set of nodes with many connections to the

cluster and few connections to the rest of the other clusters.
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In quality measurement, it considers two important characteristics of
community such as internal edges connectivity and external edges connectivity.
Internal edge connectivity represents the number of connections between nodes in a
community and this value should be high in order the group to be a good community
structure. External edge connectivity means the number of edges where node in the
cluster is connected to the other external clusters and this measure should be minimized
be become a good quality community structure [7]. Most of these evaluation methods
based on four kinds of quality function such as internal connection, external connection,
both internal and external connection or model of network. These metrics are discussed

in the following parts.
Symbol meanings of evaluation metrics are described as follows:

e For an undirected graph G =(V,E) with n = |V| nodes, the set of nodes
nand m = |E| edges, the set of edges e.

o C={S1,S,,...,Sq) is the network community structure that contain g
number of communities, Si be the a community selected from C

e nsisthe count of nodes in S, ns = |S|, m, is the count of edges in S, mg =
[{(u,v) € E:u€eS,veS};

e (,, the count of edges on the boundary of S, ¢ = [{(u,v) E E:u €S, v ¢

K

d(u) is the degree of node u;

f (S) is the quality measure function that estimate the quality of given

community S.
Metrics on Internal Connectivity

Internal density is one method of internal connection-based method. This
method defines the amount of ratio for all edges in network graph and the intra
community interactions. One of the simplest measures for community quality that is
biased towards coarse-grained communities. Equation 3.5 is the equation of internal
density metric.

m

f(S) N Ng (ns - 1)/2

Equation 3.5
The larger amount of f (S) means better for internal density and this amount measures

the edges fraction that appears among the nodes in S.
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Edges Inside is the count of edges between the members of S. Edge Inside
equation is described in Equation 3.6.
f(S) = m,
Equation 3.6
Average Degree is the members’ internal degree average of S. Its equation is

expressed in Equation 3.7.

f(S) =

2m,
rlS

Equation 3.7
Fraction Over Median Degree (FOMD) is the nodes fraction of S that contain

internal degree larger than dm, where dm means the value of median value d(u) in V/,
where a function f(S) is the notion of quality of a network community S, ng is the
number of nodes in S, ng = |S|; d(u) is the degree of node u and mg the number of
edgesin S.

[{w:u €S, |{(u,v):v € S}| > dm}|

N

f(S) =

Equation 3.8

Triangle Participation Ratio (TPR) is the nodes fraction in S that possess to

a triad, where f(S) function characterizes that like the community is the nodes
connectivity in S.

[{u:u €S, {(v,w):v,w €S, (uv) €E (uw) €E, (v,w) € E}6 = 0}

n

f(S) =

Equation 3.9

Cluster coefficient (CC) purposes on the community members’ tendency to
cluster together. So, high coefficient of clustering defines high probability that the
connections in the observed communities are same. An undirected network’s global

clustering coefficient can be calculated as

1o 1 X0 2Mews i vs € N(V) N Cigy, € EJ
“rams (H 2, IOICIOREY )

veCj

Equation 3.10
Where N(v) consists of the neighbors of nodev, d(v) is the degree ofv, cn is the

quantity of community, and C; is the i** community.
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Metrics on External Connectivity

Cut Ratio is external connectivity based function. The fraction of existing
edges leave from the cluster is defined as
CS
f(§) = ————
® = -y
Equation 3.11
The smaller value of external density is the better for the external connectivity.

Expansion computes the count of edges per node that point outside the cluster.
Lower value of expansion has higher quality function. Equation 3.12 is the equation of

expansion.

Cs
f(S) =—=

rlS
Equation 3.12
Metrics on Internal and External Connectivity

Conductance is the internal and external based metrics. This function is used
to measures the ratio of the total number of edges of S pointing to the other external
communities and the total number of edges connected with S. Its equation is defined as

f(S) = —=
- 2mg + ¢

Equation 3.13
Better communities should have a lower conductance value.

Normalized Cut:

f(S) = —=—+ =
C2mg +cg 2(m—mg) + cg
Equation 3.14
Normalized Cut measures the fraction of total edge volume that points outside
the cluster and the number of nodes which is the number of edges on the boundary of

S. The Normalized Cut can be calculate by using Equation 3.14.

Maximum-ODF (Out Degree Fraction):

[{(u,v) € E:v & S}
d(u)

f(S) = maxyes

Equation 3.15

38



Out Degree Fraction is the edges” maximum fraction of a node in S that focus

outside S. Equation 3.15 is the equation of Maximum-ODF .

Average-ODF:

1 [{(u,v) € E:v & S}|
=

Equation 3.16
Average-ODF means the edges’ average fraction of nodes in S that focus out of

S. Average-ODF can be calculated by using Equation 3.16.

Flake-ODF:

[{u:u €S, |{(u,v) €E:veS} <du)/2}

N

f(S) =

Equation 3.17

Flake-ODF means the nodes’ fraction in S that consist fewer edges focusing

inside than to the outside of the cluster. Flake-ODF can be determined by using
Equation 3.17.

Network Model

Modularity (Q) is network model based evaluation metrics. Modularization
measures the strength of each partition taking into account the degree distribution and
defined as having many internal edges and few external edges. Equation 3.18 is the

equation of modularity function.

OIidJ']5( )
C.,C.
2m v

1

Q= DI -
Equation 3.18
Where m is the number of edges in the graph, di is the degree of vertex i, d; is
the degree of vertex j. ci is the community to vertex i, ¢j is the community to vertex. §

Function is 1 if i and j belong to the same community, otherwise it is equals to 0.
Modularity measures the number of relationships between the probability of
having an edge joining two sites and the fact that the sites are in same community. The
modularity value is a scalar value, its range is between -1 and 1. It can be used to
compare the partitions quality obtained from various community detection methods. It

is also as an objective quality measure for each split of a network into communities.
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Accuracy Metrics

Another strategy is to compare the method output with a ground truth of the
input network using similarity measure. Some datasets have ground truth result. In
which case the accuracy of result community structures quality can be measure using

normalize mutual information function.

The accuracy of the proposed method is calculated in specification of
normalized mutual information (NMI) applied on datasets with ground-truth by
determining to what extent the communities distributed by the proposed method are
constant with the real ones.

Normalize mutual information (NMI) is validation based quality metric.
Calculating the network partitions’ quality has become an important issue if the given
network has truth community result. NMI can be widely used to measure the accuracy
of community detection result. NMI calculates the similarity between actual partitions
and detected partitions. To calculate the performance of community detection algorithm
by their ability to observe so called ground truth communities. A is the real partition of
given network A = {A1, A2, ..., A} and B is the output partition of an proposed
algorithm B ={By, Ba, ..., Bn}, r and n are community number of A and B. Normalized

mutual information NMI (A, B) can be measure using equation 3.19.

2Cz“Cch lo (C”N)
i=1j=1 . g CICj

NMI (A B) = - — =
C log(~1) + 3°C: log(—
Elu Q(N)+j§l, Q(N)

Equation 3.19
Where, N is the total number of vertices, a confusion matrix is C, the count of

communities in partition A is Ca and the number of communities in partition B is Csg,
Cjj is the set of nodes present in community i of A (community j of B), Ciis the count
of members in row i (or column j).

If the true similarity and detected communities contain the larger value of NMI,
the result communities will achieve the better performance quality result. For truth and
detected communities being equal, the NMI (A, B) will be 1 and if they are different
communities, NMI (A, B) will be 0. These metrics not only used to perform clustering
quality but are also used as objective functions in optimization based clustering

methods.
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3.6 Architecture of Apache Spark

Apache Spark is an open source cluster computing system that is growing
rapidly. The ecosystem of libraries and frameworks that enable advanced data analysis
is expanding [25]. It provides a faster runtime than map reduce based analytics and
provide in-memory distributed computing. There have java, Scala, Python and R APIs.

The ecosystem of Apache Spark is show in Figure 3.14.

Spark Core: Spark Core is the heart of Spark and does the core functionality.
It is responsible for task scheduling, storage systems interaction, fault recovery, and
memory management.

Spark SQL: The Spark SQL is a new module in Spark for structure data
processing. It supports JDBC and ODBC connections that establish relationships
between Java objects and existing databases, data warehouses and business intelligence

tools. It also supports variety of data sources such as JSON, Hive tables and Parquet.

Spark Core

Figure 3.14 Spark Ecosystem

Spark Streaming: It is a Spark component that supports scalable and fault-
tolerant processing of streaming data. It performs streaming analytics using Spark
Core's fast scheduling capability. It accepts data in mini-batches and performs RDD
transformations on that data. Its design allows you to reuse application designed for
streaming data to analyze batches of historical data with minor changes. The log files
created by web servers can be considered as a real-time data stream.

MLib: The MLib is Spark’s machine learning library with various machine-
learning algorithms. It consists algorithms and utilities such as classification, clustering
regression, dimensionality reduction and other analyzing components. It is nine times
faster than using Apache Mahout.

GraphX: The GraphX is a library use to manage graphs and perform graph-

parallel calculations. GraphX facilitates to create a directed graph with arbitrary
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properties attached to each node and edge. It supports various fundamental operators to
manipulate graph like subgraph, join Vertices, and aggregate Messages [60].

Apache Spark is designed on two main abstractions called resilient Distributed
Dataset RDD and Directed Acyclic Graph DAG. It can serialize RDD structures for
storage on a hard drive. Apache Spark, a distributed data processing framework, can be
used to solve the problem of iterative processing by providing efficient computations
on Resilient Distributed Datasets (RDDs). It follows the master slave architecture. Its
cluster consists of a single master and multiple slaves. The basic architecture of Apache
spark is shown in Figure 3.15.

Worker Node

Master Node

Cache
Driver Program
Spark Cluster
Context Manager
Worker Node
Cache

Figure 3.15 Apache Spark Architecture

Spark Driver is called main program and it creates Spark Context. A Spark
Context includes all the basic functionalities. It has the various components responsible
for translating the user written code into jobs that are performed on the cluster. Spark
Driver and Spark Context watch the job execution within the cluster. Spark Driver
works with the cluster manager to manage various other jobs and Cluster Manager does
the resource allocation work. Then, the job is split into multiple smaller tasks which are
further distributed to worker nodes.

Whenever an RDD is created in the Spark Context, it can be distributed across
many worker nodes and can also be cached there. Worker nodes called slave nodes
perform the tasks assigned by the Cluster Manager and return the Spark Context. An
executor is responsible for the execution of these tasks. The lifetime of executors is the
same as that of the Spark Application. If the number of workers is increased, then the
job can be divided into more partitions and execute several tasks. It will be a lot faster
[65].
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3.6.1 Spark GraphX

GraphX provides a platform for implementing a graph processing system using
the underlying Spark environment. It reuses the features of Spark Core, it is a
component that give primary functions like scheduling, distribution of data and
monitoring. The basic abstraction provided by Spark is RDD (Resilient Distributed
Dataset). It is a partitioned data structure that is processed by the computing primitives
provided by Spark Core. Each Spark application can be developed in a cluster. The
application is running on a logically dedicated driver node and typically many numbers
of worker nodes that process tasks in parallel [60].

GraphX extends the Spark RDD by presenting a new graph abstraction: a
directed multigraph with properties attached to each vertex and edge. GraphX realized
the distributed storage and graph processing efficiently due to the inherent nature of
RDD and it could be applied to the large-scale graph computing. Compare to the
MapReduce, GraphX improves and optimizes the performance of computing
significantly. The optimization in storage of vertex and edge information make it close
to or reach the performance of professional graph platform like GraphLab. Graph

abstraction in Spark is as follows;
abstract class Graph(V,E){
val vertices: vertexRDD[V]
val edges: EdgeRDD[E}

val triplets: RDD[EdgeTriplet[VVD,ED]].

3.7 Summary

In the era of big data, large real world social networks are currently available to
make the issue of the efficiency of community detection algorithm. The basic concepts
of community detection based on the graph and nature inspired-based framework have
been highlighted in this chapter. Firstly, it discusses basic knowledge of graph.
Moreover, the communities in the social network are also discussed. The various kinds
of graph structure are also presented in this chapter. Continually, from the nature
inspired based algorithm framework for community detection, four important phases

are explained.
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After that, this chapter also discusses what type of categories should be
considered to evaluate the quality of community detection algorithms. Then community
detection metrics are presented that are based on various kinds of connectivity. Then,
NMI is discussed to test the accuracy of result community structure of the given
network. If the proposed algorithm gets more accurate result in the ground truth social
network, the guarantee can be obtained to test the proposed algorithm in various size of
datasets. So various kind of measurements of community goodness metrics are also
discussed in this chapter. Finally, the architecture of Spark for faster computation is
presented and then to test the parallel graph processing for large network, spark GraphX

is also discussed.
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CHAPTER 4
THE PROPOSED SYSTEM ARCHITECTURE AND
IMPLEMENTATION

The previous chapters describe the knowledge of community detection and some
current trends and relevant methods to provide additional functionality to express the
community detection in social network. The optimization algorithms based on
population find near-optimal solutions to the difficult optimization problems by
motivation from nature. In this chapter, different consideration of community detection
algorithm based on algorithm of artificial bee is proposed. In this algorithm, label-based
solution representation and enhance artificial bee colony operation for discrete nature
problem are also mentioned.

Firstly, the proposed algorithm considers to get maximizing modularity value
result communities. Population initialization is one kind of important phase for nature
inspired based algorithm. Thus, novel population representation with label-based
solution initialization considers the various perspectives. Then, discrete nature of
artificial bee colony algorithm (D-ABC) is proposed for community detection problem.
The backbone of this algorithm is imitated and then converted this algorithm to solve
community detection problem. Because numerical comparison results demonstrated
that artificial bee colony algorithm gets effective result than other nature inspired based
algorithm. And then, it is a simple and easy implementation. One point crossover
operation based initialization strategy is considered and added in the proposed discrete
artificial bee colony algorithm (D-ABC). Spark framework is also used to implement

this algorithm because the ABC algorithm is one kind of iterative algorithm.

4.1 Discrete Artificial Bee Colony Algorithm

The proposed system is based on the node connection of a given network in
undirected and unweighted network. According to the definition of communities in
social network that nodes in the same group have denser connection. Firstly, the edge
lists dataset is accepted to create graph and then creating graph using GraphX in Spark.
Secondly, finding the community structure using discrete artificial bee colony
algorithm and the best community structure is produced finally. Figure 4.1 describes

the overview of the proposed system architecture. In this system, input dataset is a
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network dataset that contains edges lists with text file structure. These files are read and
graph structure is created using graph representation using adjacency list.

Before operating search strategy the proposed algorithm, initialize population is
evaluated using label based solution representation method. And calculate the fitness
function using modularity function. In the search strategy of proposed discrete artificial
bee colony algorithm, iteration is calculated until the maximum cycle number. In each
iteration, the algorithm produces best fitness value and its solution. When the search
strategy reaches the maximum cycle number, the algorithm produces the best solution
with best fitness value as an output. Finally, the system reports the cluster of best

member as community structures.
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Figure 4. 1 Overview of the Proposed System

The D-ABC algorithm includes two core steps such as initialization and
artificial bees search strategy. In the first step, there are two sub-steps, such as solution
representation and fitness computation. To represent the solutions, the specific data
structure is being used in D-ABC. It illustrates the structure of community in a network
with proper format. Then the solutions are initialized randomly by using this
representation. For each food source or solution, modularity is calculated as the fitness

function. Inspired by the traditional ABC bees’ search strategy, each food source is
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evolved around the search space through several iterations, to optimize the objective
function. The proposed initialization strategy describes in Algorithm 4.1, the proposed

D-ABC algorithm is presented in Algorithm 4.2.

4.1.1 Load Graph

In data preprocessing, the system drops the direction of the edges and treats each
network as an unweighted, undirected static graph to represent all network consistently.
Because group members may be disconnected in the network, it considers each
connected component of the group as a separate community.

The edge list dataset contains edges lists of graph from a text file which is loaded
in Spark RDD. This data is loaded in Spark RDD to make use of fault tolerance in
cluster and Spark RDD provides efficient use for cluster memory. Efficiency is
achieved by parallelizing the processing of a file across multiple nodes in the cluster.
These edge list file will be broadcast to all worker node and will be available to each
worker. Once the data is loaded into an RDD. Then creating graph, Graph<VD, ED>,
VertexRDD<long> and EdgeRDD<Long> in GraphX and the graph contains vertices
set and edge set. Then create internal graph as collection set that contains vertices and
its neighbor vertices list as adjacency list.

4.1.2 Population initialization and Solution Representation

In meta-heuristic algorithms, population initialization of candidate solutions
play an important role. The population will be used as a start point to search for other
candidate solution. The good initial population generates better solutions and speed up
the convergence of the algorithm in searching process. The D-ABC algorithm uses
label-based solution representation as its representation scheme. This representation is
sometimes called string-based solution representation. Each position in the vector is an
integer value. Each index value in the vector specifies the community label to which
they belong. Label based solution representation strategy is described in section 3.3.2
in the previous chapter. Each solution has an array of N genes, each of which belongs
to a node in the graph. Each gene owns the community label of each node. Label based
encoding schema can automatically define the numbers of community in network
without decoding the solution representation.

Figure 4.2 (a) shows the graph structure of the sample network. It contains nine

nodes and eleven edges. Each node represents each actor and edge represents the
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relationship between two nodes. Figure 4.2 (b) illustrates an example of label-based
solution representation for a network with 9 nodes. The arbitrary solution represents by
the label-based solution representation and the translation of this solution to the graph
is nodes 1, 2, 3, 4, 5 with the same community label and other nodes reach in the other
community. Therefore, nodes 1, 2, 3, 4, 5 are in the cluster label 2 and nodes 6, 7, 8, 9
are in the cluster label 1. Cluster labels can only be used to define the same cluster of
densely connected nodes. It can be seen that each gene of the solution takes its own

community label.

e

(a) Graph Structure of Sample Network

NodelD |1 |2 |3 |4 |56 |7 |89

CID 212122211111

(b) Solution Representation for Sample Graph

Figure 4. 2 Graph Structure and Solution Representation of Sample Graph

The individual solutions in the population are created randomly and they may
be the possible solutions for the given network. In fact, the randomly generated
individual may have the same index value, they reach in the same cluster number and
they will have relationship among them.

The set of solutions in the population are initialized using label based solution
representation. The population initialization is one of the important roles for nature
inspired-based optimization problem. The numbers of food sources represent the
number of solutions in the population. The algorithm accelerates the convergence rate
during searches in the search space, if initial population produces better solutions. The

population initialization strategy is defined as follows:

1. Initialize the set of solutions S = {S1, Sz, S, ..., Sp} in the population , where p
is the population size.

2. Every solution Si= {Si1, Si2, Sis, ..., Siv}, in this vector v represents the number
of vertices in the particular network. Firstly, initialize the random number of

community label to all nodes in the network.
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3. Choose random nodes for each solution. Then, assign it neighbor nodes’ label
with its community label. If the randomly selected node has no neighbors, select

the next other node.

The set of solutions in the population (number of food sources) of Figure 4.2
are{112122222},{212211111},{111112211},{111112222}, {11112
2222} Infood source {111122222} nodes 1, 2, 3, and 4 contain in the same
community and node 5,6,7,8 and 9 reach in the other community. It got two community
structures. After initialization, evaluate the fitness of each food source using objective
modularity function. Algorithm 4.1 represents the initialization strategy of the proposed
algorithm for solving community detection problem in social network analysis that are

demonstrated in figure 4.3.

Algorithm 4.1 : The Population Initialization Algorithm

Input: Network structure as graph: G= (V, E), Population Size: p, a. < 0.3, number
of community: NC
Output: the set of solutions in the population
Begin
Generate a population of solutions S= {S1, S», Ss..., Sy}, each food source
Si= (Si1.8i2,Si3....Siy) in which (v=no of vertices), i= {1.2, 3...,p}
For each food source in S do
tc=0;
For each element in S; do
Si=Random number of NC;
End for
Repeat
Randomly select a vertex Six;
label=community label of Six;
Si and its neighbor vertices = label;
tc=tc+1;
Until te== (int ) (o* n)
End for
End

Figure 4. 3 The Proposed Population Initialization Algorithm
4.1.3 Fitness Calculation
Modularity function is used as the fitness function for D-ABC. In nature-
inspired algorithm, the quality metrics have the role of biological fitness. They can be

used to measure the result community quality of individual. Good community structures

have higher modularity value. For example, fitness valuesof {222221111}is0.31.

49



The modularity calculation of the solution22 222111 1 is described in the equation
3.18.

Where m is the number of link for the sample network =11,

i=1,2,3,4,56,7,8,9

i=1,2,3,4,5,6,7,8,9

Degree of 1, d1=3

Degree of 2, d>=3

Degree of 3, d;=1

Degree of 4, dy=2

Degree of 5, ds=3

Degree of 6, ds=2

Degree of 7, d7=3

Degree of 8, dg=2

Degree of 9, dy=3
Community,c=(2,2,2,2,2,1,1,1, 1) #node 1, 2,3,4,5 reach in same community and

node 6,7,8,9 reach in the same community.
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1
= o [:0409+0.50+0.86+0.72-0.409+0+. . . -0.409+0.72-0.409]

=0.31
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4.1.4 Search Strategy

Three bees process the search strategy for the population. Each bee moves to find
the best in the locality and moving it toward the global best of swarm. Genetic operators
such as crossover and mutation based operations are used to move each bee to the best
positions.

Solution initialization strategy employed by the D-ABC purpose to get effective
solution quality. Each of these evaluation cycles will affect the most appropriate result.
Community detection is one type of discrete optimization problem. When employed
bees create new food source, they choose neighborhood food source in the population.
Firstly, choose a random genetic index based on the current food source. Then swap the
indexes values of current food source with values in the same indexes of neighborhood
food source. Example of creating a new food source is described as follow. For the
sample network figure 4.2 (a), the original food source and neighborhood food source
are made crossover operation. The randomly selected node 4 in the original food source.
Then select the nodes which have the same community label with these nodes. Node 1,
2, 3 and 5 have the same community label as node 4. Then swaps the original food
source gene value with the same gene index value in an adjacent food source. Then
calculate the fitness of candidate food source. The fitness value of candidate food
source is greater than the current food source. Finally, the best food source is chosen as
the new food source. In this example, the candidate food source’s fitness value is greater
than the current food source. It chooses the candidate food source as the new food

source with best fitness 0.39.

Current food source

Node ID 71819

Community Label 1111
Neighbor food source

Node ID 1(2(3|4[(5|6|7]|8]9

Community Label |2 |2 |2 |2 |11 |1]|1]|1

Candidate food source

Node ID 112|3[4(|5|6|7|8]9
Community Label |2 |2 2|21 |1]|1|1]|1
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After finding the candidate solution then evaluate the fitness of candidate
solution. Select the best solution between old and new solution that contain best the
modularity result. Then each food source probability is calculated in the population.

Employed bees give the quality information about the solution to onlooker bees.
An onlooker bee select its attractive food source depend on its probability value. The
food source probability can be calculated by using the equation 4.1. In which, fit; is

fitness value of X; and maxfit is the maximum fitness value of best solution.
Pi = (0.9*(fiti /maxfit)) +0.1

Equation 4.1
Onlooker bee select a solution based on the probability value of each solution.

Then neighborhood food source is selected and new food source is created as employed
bee. If the solution (food source) is greater than trial limit, the solution is abandoned
and scout bee find new random solution to get global optimal solution.

Each cycle remembers the best solution found in the population and iterates up
to the maximum number of cycles. The proposed D-ABC algorithm select the best
member of food source in the population. Finally, it provide output community with its
members. For Figure 4.2 (a) shows two communities (1, 2, 3, 4) and (5, 6, 7, 8, 9) that
contains the highest fitness value 0.3925 by using the D-ABC algorithm. Figure 4.4
presents graph structure of the result community for sample network which is the best
quality food source. Step by step procedure of Discrete Artificial Bee Colony algorithm

is described in algorithm 4.2 that are illustrated in figure 4.5.

Figure 4.4 Detected Community Structure of Sample Network
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Algorithm 4.2 : Discrete Artificial Bee Colony Algorithm (D-ABC)

Input: A network G=(V.E), MCN, Pz, Limit
MCN: maximum cycle number
Pz: population size, Limit: trial count
Output: Community membership assignments for network nodes
C={C,,C;5...,Cy), kisthe number of communities.
Algorithm:
1. Read input network and initialize the position of food source X={X;,
X5.X3....%,} using string-based encoding schema.
1.1 For each solution X, compute fitness of food source using
Modularity
1.2 Keep the best food source (BestFS) with highest fitness in the
population
2. Cycle=1
3. while(Cycle<MCN) {
3.1 Employed Bees Phase
For each employed bee
3.1.1 Generate new solution V; by applying the neighborhood of X;
using one point crossover operation
3.1.2 Calculate the fitness of new solution V; using Q
3.1.3 If (fitness of V= fitness of X;) then replace old solution with
new one and reset trial limit of new solution; else increase trial
limit count of old solution by 1
End for
3.2 Compute the probability P; for each X
3.3 Onlooker Bees Phase:
For each onlooker bee
3.3.1 Generate new solution V; by applying neighborhood of X;
using one point crossover, depend on the probability of P; of
food source
3.3.2 Calculate the fitness of new solution V; using Q
3.3.3 If(fitness of V>fitness of X;) then replace old solution with
new one and reset trial limit of new solution; else increase
trial limit count of old solution by 1
End for
3.4 Scout Bee Phase
3.4.1 If (trial count of X;> limit) then reset the limit and generate a
new solution; else continue
3.5 If (fitness of BestFS < fitness of X;) then assign the best solution
food source X, as the global best; else continue
3.6 Cycle++} //end while
4. Output the best solution that contain the community membership
assignments of network’s node

Figure 4. 5 The Proposed Discrete Artificial Bee Colony Algorithm
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4.2 Case Study 1: Community Detection on Sample Network

Internal graph, for sample network (figure 4.2 (a)) is created by using D-ABC
algorithm. The text file includes the edges lists of the network and can be input of the
system. These text files are loaded into the algorithm and create internal graph using
GraphX of Spark Framework. Firstly create graph G = (V, E), Group the set of vertices
and the set of edges form the input text file using

Graph<long,long> and JavaRDD<Edge<long>>. Finally, the proposed system
got the set of vertices and the set of edge in EdgeRDD<long> edge, VertexRDD<long>
vertices. Then create internal graph using Graph<long,long> and
JavaRDD<Edge<long>>. Table 4.1 presents the internal graph structure of the sample
network dataset. The first column is the vertex name and the last column is the neighbor
of these vertex (for the first row, the neighbors of node 1 are node 2, node 3 and node5
or node 1 have three connections with node 2, node 3 and node 5). Then community
structure detection is performed using proposed D-ABC algorithm. According to the

algorithm 4.2, firstly create the set of solutions for initialization.

Table 4.1 Creating Internal Graph for Sample Network Dataset

Vertex Neighborhood

2,35

1,4,5

1

2,8,9

1

8,9

8,9

4,6,7

O© | 0| N |0~ WIN|PF

4,6,7

Table 4.2 shows the sample set of possible solutions in the population in
initialization stage. Initialize population considers the node degree centrality.
Population size is set 10 for the sample network dataset. The first column in the table

shows the solutions in the population, in which 2 and 1 mean the community label of
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nodes (for the first row, solution 112122222 means node 1, node 2 and node 4 reach in
the same community label 1 and the remaining nodes 3,5,6,7,8,9 are in the same
community label 2).

The second column is about the fitness values of each solution in the population
(Modularity is used as the fitness function of each solution). This column shows the
quality of each solution in the population. Among them, the algorithm stores the
solution with the best modularity result as the best solution. In metaheuristic algorithm,
the number of solutions in the population, the iteration number and limit amount can be
adjusted based on the network size. If one solution in the population has the highest
modularity value, it will be stored as the best solution and its modularity results are
considered as the best fitness. In next iteration, the best solution will change based on
the solution results of next iteration.

Table 4.2 Initialize the Set of Solutions in the Population for Sample Network

Population Modularity Value
112122222 0.28
212211111 0.21
111112211 0.07
212211111 0.21
111112222 0.31
121222222 0.11
121222222 0.11
221221111 0.22
212211111 0.21
111122222 0.39

In the employed bee phase, each solution is modified with other solution in the
population and compared their fitness values. The number of solutions is equaled to the
number of employed bees. The bees produce the new food sources and calculate the
fitness of candidate food sources then compare old one and choose best food source as
the new food source. Table 4.3 demonstrates the solutions in the population in first

iteration after running the employed bee phase.
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Table 4.3 Set of Solution in Employed Bee Phase

Population Modularity Value
112122222 0.28
212211111 0.21
111122222 0.39
112122222 0.21
111112222 0.28
121222222 0.11
222211111 0.39
221221111 0.22
212211111 0.21
111122222 0.39

Table 4.4 Set of Solution in Onlooker Bee Phase

Population Modularity Value
111122222 0.39
212211111 0.21
111122222 0.39
112122222 0.21
111112222 0.28
111122222 0.39
222211111 0.39
221221111 0.22
222211111 0.39
111122222 0.39

In onlooker bee’s phase, food source selection is made based on the probability
of food source from the employed bee. Onlooker bee produces the new food source
based on the probabilities of the solution and calculates the fitness of candidate food
source. Then, compare the fitness between old and candidate food source. If the new
food source is better than the previous value, replace the fitness value of better food
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source and then select the best one. The changes of some food source in the solution set
based on the probabilities of the solutions can be seen in Table 4.4.

If one solution reaches the trial limit, scout bee produces the new food source
using the solution initialization strategy and discards old food source. The repetition
process is done until the stropping criteria is reached or the maximum iterations are
completed. After calculating the search process until maximum iterations, the proposed
algorithm produces the community structure for the sample network.

The proposed system use the input value of community is 2, Maximum iteration
is 10 and Population Size is 10 are used for community detection in Sample dataset
network. The final best solutionis 11112222 2and it has the best fitness value 0.39.
Table 4.5 shows the result of the best community structure for the sample network
which have modularity 0.39. Then, calculate the accuracy of the result community
structure by using Normalize Mutual Information (NMI). The NMI value gets 1 for a
sample dataset. It means the detected community structures are same as the real
community structures. Then calculate the quality of community results by using internal
connectivity, external connectivity, both internal and external connectivity, and
network model metrics. The following results show the quality values of community

result in each metric.

Internal Connectivity Metric:
Internal density=0.31666

Internal and External Connectivity Metrics
Normalized cut =0.3456
Conductance=0.1888

External Connectivity Metrics
Expansion=0.45
Cut Ratio=0.1

Network Model Metric:

Modularity=0.39
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Finally, the system produces community structures of the best solution for the
given network. Table 4.5 shows that node 1, 2, 3 and 4 reach in same community

number and node 5,6,7,8 and 9 group in same community number 2.

Table 4.5 Detected Community Structure for Sample Network

Community No. Node No. of Members
Community 1 12,34 4
Community 2 5,6,7,8,9 5

4.3 Case Study 2: Community Detection on Karate Club Network

By using the proposed algorithm, karate club dataset is also detected to get the
effective community structures. It is a friendship network between the 34 members of
a karate club at a US University. It contains 34 nodes and 78 edges. The neighborhood

information of each vertex is stored as the link list structure that is shown in Table 4.6.

Initialize population of karate dataset is described in Table 4.7. This table

contains the ten solutions in the population.

Table 4.6 Creating Internal Graph for Karate Dataset

Vertex Neighborhood
1 2,3,4,5,6,7,8,9,11,12,13,14,18,20,22,32,
2 1,3,4,8,14,18,20,22,31,
3 1,2,4,8,9,10,14,28,29,33,
4 1,2,3,8,13,14,
5 1,7,11,
6 1,7,11,17,
7 1,5,6,17,
8 1,2,3,4,
9 1,3,31,33,34,
10 3,34,
11 1,5,6,
12 1,
13 1,4,
14 1,2,3,4,34,
15 33,34,
16 33,34,
17 6,7,
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18 1,2,

19 33,34,

20 1,2,34,

21 33,34,

22 1,2,

23 33,34,

24 26,28,30,33,34,

25 26,28,32,

26 24,25,32,

27 30,34,

28 3,24,25,34,

29 3,32,34,

30 24,27,33,34,

31 2,9,33,34,

32 1,25,26,29,33,34,

33 3,9,15,16,19,21,23,24,30,31,32,34,
34 9,10,14,15,16,19,20,21,23,24,27,28,29,30,31,32,33,

Table 4.7 Initialize Set of Solutions for Karate Dataset

Population Modularity
Value
2212222221222211221212111111111111 0.329
1111111122111122112121222222222222 0.371
1111111122111122112221221222222222 0.32
1121111122111122212121222222222222 0.33
2222222211222211221212111111112111 0.345
1121111112111122112111222222221222 0.307
2212222211222111221112111111111111 0.313
2212222211222111221112111111111111 0.313
1121111122111122112121222222222222 0.359
1121111112111122112121222222222222 0.329

After finishing the search process of the proposed D-ABC algorithm such as
employed bee, onlooker bee and scout bee phases produces the best solution with
highest fitness value in the population. The best solutionis {111111112211112
2112121222222222222}. The network model metric, modularity value is 0.37146.
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NMI result for karate club dataset is one. The internal density of result community structure is
higher than the external connectivity metrics, cut ratio. Good community structures have higher
internal density and lower external connectivity. Modularity and internal density metrics are
the higher, the better and the other four metrics are the lower the better. The following results

show the quality measurement of result community structures of karate club dataset.

Internal Connectivity Metric:
Internal density=0.1259

Internal and External Connectivity Metrics:
Normalized cut =0.460
Conductance=0.2565

External Connectivity Metrics:
Expansion=1.180
Cut Ratio=0.069

Network Model Metric

Modularity=0.37146

Table 4.8 is the final best solution in the population. In one community contains
nodes 9,10,15,16,19,21,23,24,25,26,27,28,29,30,31,32,33,34 and the next community
contains 1,2,3,4,5,6,7,8,11,12,13,14,17,18,20,22. It is equal to the ground truth
community structure. Karate club split according to the conflict between Admin John
(node 34) and instructor Mr.Hi (node 1). Therefore, half of karate members reach in

John’s group and the last members found in a new club with Mr.Hi.

Table 4.8 Detected Community Structure for Zachary’s Karate Club Dataset

Community no- of
N Node Members

ComTumty 9,10,15,16,19,21,23,24,25,26,27,28,29,30,31,32,33,34 | 18

CommUNY |123,4,5,6,7,8,11,12,13,14,17,18,20,22 0
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4.4 Summary

This chapter provides the architecture and implementation of proposed D-ABC
algorithms in details. The experimental results are also described by using the standard
real-world datasets. Intelligence-based swarm algorithm’s computation is an important
approach to address optimization problem, primarily focusing on the collective
behavior of decentralized, self-organized system. The proposed method is called
Discrete Artificial Bee Colony (D-ABC) algorithm that is inspired by the intelligence
behaviors of the bee swarms. The global optimization process of D-ABC is accelerated
by positive feedback of bee colony optimizing.

D-ABC contains three main steps: creating graph using GraphX, food source
initialization, and three heuristic searching process. Algorithm 4.1 includes the
initialization strategy for the solutions in the population which has used the label-based
solution representation.

The ABC algorithm has influenced the intelligent behavior of real bee colonies
introduced by Karaboga for numerical optimization problems. The ABC algorithm
provides a high performance and accurates solution when the solution problem has
continuous nature. However, if the solution space of the problem is discrete, then the
underlying ABCs need to be modified to solve this type of optimization problem.
Community detection problem is one of the most widely studied combinatorial
optimization problems. It is a NP-hard problem whose computational complexity rises
exponentially when the number of nodes increasing. This study applied discrete version
of ABC with neighborhood operator for community detection in social network that is
described in Algorithm 4.2. Therefore, different discrete neighborhood operators are

replaced with the basic ABC’s solution updating equations.
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CHAPTER 5
EXPERIMENTAL ANALYSIS AND EVALUATION

This chapter describes the experimental analysis and evaluates the
implementation of the proposed system on various social networks. Some social
networks with ground truth communities and some dataset without ground truth are
used for the experiment. The task of detecting communities in social networks has
become an interesting research task in the big data era. However, if there are no
identical, uniqgue communities in the network, this can be expected to be easy.

Some important properties of social network need to understand network size,
node density, degree if each node, edges reachability, strength and width of these
network. Social network community detection has become a fundamental tool for social
network analysis that lays the fundamental for several higher level analytics.
Nowadays, automation of community detection has become a favorite research topic in
computational intelligence field. It is a long-standing research topic in sociology, as it
related to urbanization, social marketing, criminology and other various research field.
It needs to measure the results quality of isolated community structure. Three well-
known perspective approaches called accuracy, efficiency, and effective are used to
make the quality measurement.

The efficiency of the proposed system is executed based on experimental and
theoretical attitude. Most of the datasets have no ground truth result. Therefore, the
effectiveness of algorithm is examined by using the evaluation metrics based on internal
connectivity, external connectivity, both internal and external connectivity and network
model based metrics. To measure the accuracy of result community structures, NMI is
used to compare the similarity between the detected and real community structure. This
chapter discusses the experiment results using proposed algorithm called discrete
artificial bee colony algorithm (D-ABC) and then compared with other algorithm using
various quality metrics.

This chapter provides a detailed evaluations for the proposed research work,
which covers the above three measurements. The datasets are introduced and detailed
evaluation methods and results are presented. The findings are summarized and the
proposed work is ultimately intuitively evaluated. All experiments are executed on a
computer running Intel Core i5-5200U CPU@ 2.20GHZ, Window 10, 16G RAM and
64 bit Operating System.
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5.1 Social Network Datasets

For implementation of all consistent social networks, each network will be
considered as an undirected and unweighted static graph. Two datasets are used to
provide better and more deeply evaluation results than the current approaches. All of
the real network datasets are available in UCINET and Stanford Large Network Dataset
Collection. The first type of network is considered as real-world small scale networks
with ground truth cluster results.

Karate Club Dataset: It is the standard graph dataset which is a famous social network
for community detection example. The college karate club social network that studied
by Wayne W.Zachary for three years [63]. It gathered 34 karate club members and
documented links between pairs of members who interacted outside the club as US
University in the 1970s. The graph structure of the karate club network has been shown
in Figure 5.1. It has become a popular example of networked community structure in
2002. Due to the conflict between administrator John A (node 34) and his coach, Mr.
Hi (node 1), the club is split in two. So, half of the members formed a new club with
Mr. Hi, and the other part is found in a new instructor of karate dataset. Figure 5.2
illustrates the real community structures of karate club dataset with two different colors.
The network has two ground truth communities and its members are listed in the Table
5.1.

Figure 5. 1 Graph Structure of Karate Club
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Figure 5. 2 Ground Truth Structure of Karate Club
Table 5. 1 Ground Truth Community Structure of Karate Club Dataset

Community No. of
No. Node Members

Community 1 | 34,9,10,15,16,19,21,23,24,25,26,27,28,29,30,31,32,33 18

Community 2 | 1,2,3,4,5,6,7,8,11,12,13,14,17,18,20,22 16

Bottlenose Dolphin Network: This network is an undirected bottlenose
dolphin network that simulates the behavior of bottlenose dolphins seen during a seven-
year period from 1994 to 2001. These dolphins live in Doubtful Sound, New Zealand,
as arranged by Lusseau et.al [33]. In this network, each node is a member of bottlenose
dolphin two nodes are connected if the corresponding dolphins are observed together
more often than expected. There are 62 nodes, each node represents dolphins and 159
edges, each node represents associations between pairs of dolphins which occasionally
expected to occur more frequently and it showed in figure 5.3. The vertices in this
network can be divided into two ground truth community structures. Table 5.2 describes

the ground truth clusters of dolphin network dataset.
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Figure 5. 3 Graph Structure of Dolphin

Table 5. 2 Ground Truth Community Structure of Dolphin Dataset

Community No. of
No. Node Members
ComT“”'ty 2.6,7,8,10,14,18.20,23,26,27,28,32,33.42,49 55,57,58,61 20
Community | 13:4:5:9.11,12,13,15,16,17,19,21,22,24,25,29,30,31,34,35,3
) Y | 6,37,38,39,40,41,43 44,45 46,47,48.50,51.52,53.54,56,59,60 42
62

Polbook: It is a book network of US politics published around the period of the 2004

presidential election and sold by the online book seller Amazon.com. The network was

compiled by V.Krebs and is unpublished, but can be found on Kreb’s web site. This

undirected graph has 105 vertices and 441 edges, described in Figure 5.4, in which

nodes represent books and edges represent connection between books and buyers that

are frequently co-purchase of book by the same buyers [28]. Table 5.3 describe the

ground truth community structure of PolBook.
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Figure 5. 4 Graph Structure of PolBook

Table 5. 3 Ground Truth Community Structure of PolBook Dataset

Community No. of
No. Node Members

Community 1 | 1,5,7,8,19,29,47,49,52,70,77,104,105 13
31,32,60.61,62,63,64,65,66,67,68,69,71,72,73,

Community 2 | 74,75,76,79,80,81,82,83,84,85,86,87,88,89,90, 43
91,92,93,94.95,96,97,98,99,100,101,102,103
23.4691011,12,13.14,1516,17,18,20.21.22,

. g | 23.24,2526,27,2830,33,34,35.36,37,38.39 40, 45

ommunity 41,42.43,44.45 46 48.50,51.53,54.55,56 57,58,
59,78

American College

American colleges during a regular season in fall 2000. There are 115 nodes and they
represent teams; 613 edges indicate the season game between vertices in the year. That

grouped in 12 communities. Football that denotes matches played between US college

Football Network: It is about the football games between

football teams in year 2000 [19].
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Figure 5. 5 Graph Structure of Football
Table 5. 4 Ground Truth Community Structure of Football Dataset

Com’\rlrg)tlmlty Node ME%SJrs
Community 1 | 1,5,10,17,24,42,94,105 8
Community 2 | 13,15,19,27,32,35,39,44,55,62,72,86,100 13
Community 3 | 2,26,34,38,46,90,104,106,110 9
Community4 8,9,22,23,52,69,78,79,109,112 10
Community 5 | 20,30,31,36,56,80,95,102 8
Community 6 | 3,7,14,16,33,40,48,61,65,101,107 11
Community 7 | 37,43,81,83,91 5
Community 8 | 12,25,51,60,64,70,98 7
Community 9 | 18,21,28,57,63,66,71,77,88,96,97,114 12
Community 10 | 4,6,11,41,53,73,75,82,85,99,103,108 12
Community 11 | 45,49,58,67,76,87,92,93,111,113 10
Community 12 | 29,47,50,54,59,68,74,84,89,115 10
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The graph structure of football is shown in Figure 5.5. The ground truth
structure of football dataset is shown in Table 5.4.

Employee (Michael, 1997) is a dataset that concern the impressive sawmill
related informal communication. Nodes are associated with 24 employees of wood
working company and edges of the network accommodated frequent discussion about
the bias between pairs of colleagues. Three communities in this dataset comprise as
four Spanish speaking, nine young English speaking workers under 30 and eleven older
English speaking workers [35]. Figure 5.6 illustrates the graph structure of employee

dataset and its ground truth community structures are shown in table 5.5.
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Figure 5. 6 Graph Structure of Employee

Table 5. 5 Ground-Truth Community of Employee Dataset

Community No. Node No. of Members
Community 1 10,11,12,13 4
Community 2 1,2,3,4,5,6,7,8,9 9
Community 3 14,15,16,17,18,19,20,21,22,23,24 11
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Table 5. 6 Social Network Datasets with Ground-Truth Community

Community
Dataset Node Edge
Number
Karate Club 34 78 2
Dolphin 62 159 2
PolBook 105 441 3
Football 115 613 12
Employee 24 36 3

The experimental results of the proposed system are based on both quality and
quantity of result community structure. Therefore, the network used for evaluation
needs to meet certain criteria. The results of interpretation are displayed and the
network should be exposed to facilitate method and algorithm verification. The
statistical information of these networks is described in Table 5.6. Dataset means the
network dataset name and node is the number of nodes and edge is the number of edges
and community number is ground truth community number of each dataset.

Then, the second networks employ four real world networks that does not have
ground truth community results. Table 5.7 reports the information of these datasets.
Email Network: The network was built using e-mail data from a large research institute
in Europe. We have anonymous information about all incoming and outgoing emails
between members of the Research Institute [64].

Facebook: This dataset contains the friends’ lists from Facebook that can be get from
snap datasets. These data are collected from survey participant using Facebook app.
The dataset contains node profile and ego networks. For all users, anonymity is a new
value by replacing the internal Facebook ID. Also, although feature vectors have been
provided from this dataset, the interpretation of these features is unclear. The dataset
can be obtained from SNAP Stanford Large Network Dataset Collection. The dataset
contains 4039 nodes and 88234 edges [32].

DBLP network: This dataset describes the authors of scientific papers using
collaboration graph. The relationship between two authors denotes a common

publication. Edges are marked with the date of the publication [61].
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UCSM Coauthor Dataset: UCSM coauthor network has been taken from the
publication list of UCSM research repository from website. Web crawler crawls this
data and collects information of co-authors. Co-author information can be obtained
from the publication lists. The publication information on the UCSM webpage is shown
in Figure 5.7. This data was retrieved from UCSM webpage in 2019. There are 80
authors ad 105 author relationships involved in creating the UCSM co-author network.
This network will ignore the publication paper if the treaty is intended to be written by
only one author. If the publication has three authors such as a, b and c, their

relationships will be a-b and a-c [67].

No. = Title %  Subjects £ Date £ Type £  Publication Title* Authors ¢ Communities &
1 Data Mining 2019-09-08 Journal Article International Thinzar Saw [3] , Phyu Hninn Data Mining and Machine
and Machine Journal of Myint [6] Learning Lab, Faculty of
Learning Information Computer Science
Technology and
Computer
Science(I1ITCS)
2 Analysis on Skin Colour Model Image and 2019-09-08 Journal Article International Phyu Myo Thwe [2], May The® Image and Signal
Using Adaptive Threshold Signal Journal of Image, Yu [6] Processing Lab, Faculty
Values for Hand Processing Graphics and Signal of Information Science
Segmentation Processing{1JIGSP),

Hong Kong, 2019,
Volume 11, Mo-9,
pp. 25-33

3 Feature Representation and Software 2019-08-07 Conference International Thae Hsu Hsu Mon [1], Hnin Min  Software Engineering
atching for Engineering Paper Conference on 0o [4] Lab, Faculty of
Heterogeneous Defect Inteligence Information Science
Predictio Science (pp.

1-14). Springer,

Cham.

Figure 5. 7 UCSM’s Research Repository Page

Table 5. 7 Real-world Networks Dataset Without Ground-truth

Network Name No. of Node No. of Edge
Email 1005 25571
Facebook 4039 88234
DBLP 425957 1049866
UCSM Co-author 80 105

5.2 Experiments on Community Detection Algorithm Capability

The ability of the proposed system to generate correct community detection
results was tested on Employee, Zachary’s Karate, Dolphin, and PolBook networks
with ground truth datasets and some other datasets such as small and large network

datasets. If the dataset has known community numbers, the proposed algorithm will use
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these community numbers to get an exact community structure. For each network, the
proposed D-ABC algorithm has run 10 times and recorded the best modularity result
over the 10 runs of the algorithm. The result is described in the following parts. For
employees’ connection dataset, after finding community structure in this network using
the proposed method, the achievement results of three detected communities are
illustrated in Table 5.8. The results show that the proposed D-ABC gets the exact result

with ground truth community structure.

Table 5. 8 Detected Community Structure of Employee Dataset

Community No. Node No. of Members
Community 1 14,15,16,17,18,19,20,21,22,23,24 11
Community 2 1,2,3,4,5,6,7,8,9
Community 3 10,11,12,13

The ground truth community structure of Zachary’s karate club dataset consists
of two community structures, one with 18 members and the other with 16 members.
Karate club dataset are detected by using the proposed algorithm and gets the exact
community structures as the ground truth communities. The obtained members in each

community are presented in Table 5.9.

Table 5. 9 Detected Community Structure of Zachary’s Karate Dataset

Community No. | Node No. of Members
Community 1 34,15,16,19,21,23,24,25,26,27,28,29,30,31,32,33 | 16
Community 2 1,2,3,4,5,6,7,8,9,10,11,12,13,14,17,18,20,22 18

Lusseau’s dolphin social network is also used to detect community for
validation. The nodes are divided into two large groups and the obtaining result is
demonstrated in Table 5.10. In ground truth community result, one community has 20
members and other community has 42 members. The results of the community are

slightly different but the quality of fitness value has the optimized result.

Table 5. 10 Finding Community Structures in Dolphin Network

Community No. of
No. Node Members
. 2,6,7,8,10,14,18,20,23,26,27,28,29,31,32,33,40,42,49,55,5
Community 1 758 61 23
Community 2 1,3,45,9,11,12,13,15,16,17,19,21,22,24,25,30,34,35,36,37 39
y ,38,39,41,43,44,45,46,47,48,50,51,52,53,54,56,59,60,62
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The obtaining result community structures of PolBook dataset is described in
Table 5.11. The size of communities for book dataset are 13, 43 and 49. The detected
communities are 18, 41 and 46. The result community structure and ground truth result
community structure have a little different. However, the network modularity result of

PolBook dataset gets the effective result when using the proposed algorithm.

Table 5. 11 Obtaining Community Structures of PolBook Dataset

. No. of
Community No. Node Members

14,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24

Community 1 | ,25,26,27,28,30,33,34,35,36,37,38,39,40,41,42,43, 46
44,45,46,47,48,49,50,51,54,55,56,57,58,
29,31,32,60,61,62,63,64,67,71,72,73,74,75,76,77,7

Community 2 | 8,79,80,81,82,83,84,85,87,88,89,90,91,92,93,94,95 41
,96,97,98,99,100,101,102,103,

Community 3 | 1,2,3,5,6,7,8,52,53,59,65,66,68,69,70,86,104,105 18

The detected community structure of Football dataset is illustrated in Table
5.12. The real community number of Football dataset is 12 and the proposed D-ABC
identified ten communities in this dataset. The modularity value of results community

is over 0.8 for football dataset.

Table 5. 12 Detecting Community Structures of Football Dataset

e Nods Members
Community 1 1,5,10,17,24,42,94,105 8
Community 2 13,15,16,19,27,32,35,39,44,55,62,72,86,100,101 15
Community 3 2,26,34,38,46,90,104,106,110 9
Community4 8,9,22,23,43,52,64,69,78,79,109,112 12
Community 5 20,30,31,36,56,80,81,83,95,102 10
Community 6 3,7,14,33,40,48,61,65,107 9
Community 7 18,21,28,57,63,66,71,77,88,96,97,114 12
Community 8 4,6,11,41,53,73,75,82,85,99,103,108 12
Community 9 | 12,25,29,37,45,49,51,58,60,67,70,76,87,91,92,93,98,113 18
Community 10 | 47,50,54,59,68,74,84,89,111,115 10
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5.3 Parameter Adjustment on Datasets

Assignment definition parameters in the metaheuristic algorithms can be
adjusted according to the size and nature of network. The parameters setting in sample
network dataset are changed with different possible values. The best solution reaches
the best modularity value where the number of iteration and solution size are adjusted.
If the number of population is too big, the swarm will move away from the region and
lose good solutions. If the number of iteration and population size are small, the swarm
will not reach the optimal solution. Therefore, the parameter number and iteration
setting are difficult to obtain the suitable partitioning.

Table 5.13 is the result community structure of the sample network dataset
based on various parameter values. The size of this data is small and the network
connection of each group is clear. And nodes in the group have higher connectivity and
lower connection to the other community member. Therefore, the result will be same
when using the proposed algorithm. The result community number is 2 for all
experiments. The modularity value is not greater than 0.39 in all experiments.

The experiment shows that, if the network has densely connected in each
community, it will not get other optimal solution and reach only one global solution in
optimization. Therefore, changing the parameter value does not effected the results of
community structure and modularity value. The population size starts from 5 because
search processes require many food sources to exchange the each gene values. This test
will make until population size 100. So, population size is set to a minimum of 5 for
this network and iteration number can set any value from 5 to 50. If the population size
increases in small connectivity employee network, calculation time also increases and
the best result will not be changed.

Table 5. 13 Testing Different Parameters in Sample Dataset

Iteration POD;IZ?W Modularity C(l)\lmumgzity
5 5 0.39256198347107457 2
5 10 0.39256198347107457
10 10 0.39256198347107457 2
20 10 0.39256198347107457 2
20 50 0.39256198347107457 2
50 70 0.39256198347107457 2
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Table 5.14 describes how modularity Q values evolved in Zachary club using
the empirical parameters in the proposed algorithm. The number of iterations start at 20
to 100 and the number of solution in the population starts form 10 to evolve till 100.
The result of modularity increases when the number of population size and iteration
number increase. And also community number increased depends on the iteration and
population size. This testing purposes to get effective modularity result, it does not

consider to get the ground truth community number.

Table 5. 14 Testing Different Parameters in Karate Dataset

Iteration Popu_lation Modularity Community
Size Number
10 10 0.2679158448389211 2
20 20 0.35996055226824286 2
20 50 0.39907955292570496 3
50 50 0.4022846811308338 4
100 100 0.41740631163708036 4
200 200 0.41978961209730375 4

For the ground truth dataset, the proposed system used the given number of
community to reach optimal point rapidly. If the dataset doesn’t have ground truth
community number, the proposed system sets the number of community as square root
of the number of nodes. The objective of the community detection is the number of
nodes in the group are densely connected and sparsely connected to the other nodes in
other groups. The algorithm finds the best solution with high quality modularity value.

Parameters are adjusted based on the network size and nature. For the small
dataset, the number of clusters formed as small, but if the number of parameter increase,
the community structure will not uncover at the finer granularity. The figure 5.8 shows
the effective parameters to reach optimal modularity value for each network in this
system. For the small network the iteration is enough lower 100 and population size is
50. But the large scale networks that contain over thousand nodes and edges, it require
more iteration and population size is suitable above 100. The other well know meta-
heuristic optimization algorithm requires nearly 500 iteration and 500 population size.
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Parameter Setting
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Figure 5. 8 Parameter Setting on Various Datasets
For employee dataset, maximum cycle number MCN or iteration 30 and
population size 50 is suitable. MCN 50 and population size 70 are effective for Zachary
karate club dataset to get ground truth community result. For Dolphin and PolBook
datasets, population size is set to 100 and MCN is set 100 to be the most closely related

member as ground truth community results.

5.4 Experiment on Accuracy

The accuracy of the proposed system is estimated by using NMI (Normalized
Mutual Information) metric that is measure the similarity between the detected result
communities and ground truth communities. The proposed system delivers
communities that are consistent with the real ones in some dataset. Table 5.15 shows
the NMI metrics score for five datasets. According to the results of accuracy metric, it
demonstrates that Employee and Karate club datasets performs accurate result as the
ground truth result.

The dolphin network can be detected over 70% of NMI. For PolBook network,
NMI can be detected over 50%. And Football community results get over 80%
accuracy. Based on the community result, it can be concluded that NMI is good in the
communities which have strong connections within internal nodes in the community
and weak relationships to nodes in the other rest groups. The accuracy of the proposed
algorithm compares with the accuracy of Label Propagation Algorithm LPA [45]. LPA

gets over 80% accurate results in four datasets and 54% accuracy in PolBook dataset.
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Table 5. 15 Accuracy Measurement of Results Communities Obtained by Two

Algorithm
Datasets D-ABC(NMI) LPA(NMI)
Employee 1 0.864
Zachary 1 0.836
Dolphin 0.835 0.88
PolBook 0.552 0.54
Football 0.89 0.86

5.5 Efficiency

This part expresses the proposed algorithm efficiency base on practical and
theoretical result. The proposed algorithm does not traverse to all node in each solution.
Set , the population size is p, maximum cycle is N, the number of nodes is n, and the
number of edge is e. Theoretically, the first algorithm for solution initialization spends
O(pn) time and the search algorithm using proposed algorithm spends O(Np log, n) in
evolving communities. The detailed calculation of the proposed two algorithm

complexity are presented below.

For Population initialization: Algorithm 4.1

Initialized population

Time Complexity= p*%zO(pn)

For Search Strategy: Algorithm 4. 2

For maximum iteration in Loop

Time Complexity= O (N)

For employed bee

Time Complexity= p*log, n=0 (p*log, n)
For onlooker bee

Time Complexity=p* log, n=0 (p*log, n)
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Total Time Complexity for search strategy=0 (N) *(2p* O (log, n))
= O(Np log; n)

Therefore, the time complexity of overall system is O(pn)+ O(Np log, n).

5.6 Experiment on Effectiveness

The effectiveness of the result communities for some kinds of real social
datasets such as employee, karate, dolphin, book and football network are tested by
using the community scoring metrics. Four types of quality functions are used such as
network model, internal connectivity, external connectivity, both internal and external
connectivity for the effectiveness of the result communities. For internal connectivity
measurement, internal density metrics is used. For external connectivity measurement,
expansion and cut ratio are used and then conductance and normalized cut is used to
measure on both external and internal connectivity. Modularity values are network

model based quality metrics, it is also used as the fitness function of the proposed

system.
Employee Dataset
0.35
) 0.3
e 0.25
g 0.2
5 0.15
e 0.1
w 0.05
O | — —
Community 1 Community2 Community 3

Conductance 0.096 0.0769 0.0625

Normalized Cut 0.155 0.092 0.104

Internal Density 0.097 0.25 0.068

Expansion 0.33 0.25 0.18
m Cut Ratio 0.022 0.0125 0.013
Community

Figure 5. 9 Effectiveness of Each Community for Employee Network

When measuring the quality of result community structures of employee dataset,
it gets the effective quality results in each community structure. The quality results are
shown in figure 5.9. From the conductivity measurement point of view, the faction of
total edge volume that points outside the community decreased to less than 0.1 that

indicates the community result can be effectively detected. The calculation of
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expansion based on the average number of edges that point outside the community and
if the expansion value is small, the result will be more effective. Therefore, it can be
concluded that expansion value is also significant for community density connectivity.

For internal connectivity, community 2 has higher internal density than other
two community structure. The higher the internal density, the best detected
communities are. For external connectivity, community 3 has lower expansion value
than other two community structure. The higher expansion and cut ratio, the worse
detected communities are. For the employee dataset, it gets higher internal density and
lower cut ratio (external connectivity) in all community structures,

The quality measurement results of Zachary karate dataset are illustrated in
figure 5.10. It shows that the dataset get effective results on the five metrics. It shows
that the internal density of detected communities values have increased and external
density cut ratio values have grown down in all communities. Since, the expansion that
measures the number of edges per node pointing to the other cluster, the two community
structure get nearly expansion values in all community structures. The two community
structures have suitable quality results from five quality metrics.

In conductance measure, the fractions of total edge volume outside the
community have decreased lower than 0.15 that show the result of good detected

community. Overall it can be seen the significant effectiveness on these networks.

Zachary Karate Dataset

0.7
A 0.6
e 0.5
g 0.4
3 0.3
o 0.2
w 0.%
Community 1 Community 2
Conductance 0.125 0.131
Normalized Cut 0.229 0.23
Internal Density 0.0571 0.0687
Expansion 0.555 0.625
m Cut Ratio 0.034 0.034
Community

Figure 5. 10 Effectiveness on Zachary Karate Club Network
Figure 5.11 demonstrates the significant result of dolphin network that is

internal density and cut ratio. The internal density of two clusters is higher than the cut
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ratio result of two communities. Although the value of expansion is high in community
1 with 0.318 spreading edges connected to different communities. Expansion value of
community 2 is 0.175 and this value is smaller than the expansion result of community
1.

Dolphin Dataset

0.35
A 0.3
e 0.25
g 0.2
g %01
w 0.08
Community 1 Community 2
Conductance 0.07 0.0319
Normalized Cut 0.1007 0.093
Internal Density 0.049 0.0339
Expansion 0.318 0.175
m Cut Ratio 0.0079 0.0079
Community

Figure 5. 11 Effectiveness on Dolphin Network

Figure 5.12 demonstrates the US Political Book network dataset. It shows that
the expansion value 1.7 reaches the highest value in community 3. The external
connectivity cut ratio get effectiveness results nearly O because they have sparsely
connections to other external communities. Community 3 has the highest expansion
value than the other communities and all communities have effective internal density
result. Conductance value reaches 0.27 and normalize cut value reaches 0.31 in
community 3. Both external and internal connectivity metrics of community 3 is higher

than the other two communities.
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PolBook Dataset
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Figure 5. 12 Effectiveness on Book Network

Figure 5.13 illustrates the results of the modularity, and NMI for four real
networks are achieved by using the proposed algorithm. This shows that the node
measurements collected on the set of nodes have close relationship between the nodes
in the community. The modularity Q value reaches the value between minus one to one,
and modularity value is generally 0.3~0.7 range in real world network. The greater
value of modularity, community structure is obvious. NMI values is one for first two
datasets, Employee and Zachary Karate club dataset. The proposed algorithm gets
suitable accuracy result in Dolphin and Book datasets. Figure 5.14 shows the

modularity results of four dataset compared with LPA and ground truth.
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Figure 5. 13 Modularity and NMI results of Four Dataset
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Figure 5. 14 Modularity Comparison on Four Network Datasets with Three Algorithm

The proposed algorithm experiment is also compared with the well-known
community detection algorithm LPA (Label propagation algorithm) and ground truth
result. The comparisons are made on the four types of scoring function such as network
model, internal connectivity, external connectivity, and internal connectivity.

Table 5.16 shows the comparison on the network model function, modularity.
The standard quality measurement of community structure is modularity (Q). The
greater the modularity value, the better the result of communities in the sub group. The
network model-based objective function needs to maximize. In this result, the proposed
algorithm gets the same modularity result as ground truth and LPA in the first two
dataset Employee and Zachary karate dataset. In Dolphin and Book dataset, it gets the
more effective modularity result than the others.

Combined internal and external connectivity metrics such as conductance and
normalized cut is used to describe the effective of the proposed algorithm. The group
of this objective functions requires to be minimized includes conductance and
normalized cut. These functions calculation depend only on the network. According to
the result of Table 5.17, D-ABC detected the community structure with effective result
of conductance and normalized cut in Employee and Zachary karate datasets exactly
equal to the ground truth dataset.
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Table 5. 16 Comparisons of Network Model with Ground Truth Result and LPA

Algorithm
Dataset Algorithm Modularity

LPA 0.378
Employee %rlj)tl;]nd 0.378
D-ABC 0.378
LPA 0.371

Ground
Zachary Truth 0.371
D-ABC 0.371
LPA 0.373

. Ground
Dolphin Truth 0.373
D-ABC 0.389
LPA 0.463

Ground
Book Truth 0.409
D-ABC 0.516

Table 5. 17 Both Internal and External Connectivity Metrics Comparisons on Four

Dataset

Dataset | Algorithm Conductance | Normalized cut
LPA 0.234 0.35
Employee | Ground Truth 0.236 0.352
D-ABC 0.236 0.352
LPA 0.256 0.46
Zachary | Ground Truth 0.256 0.46
D-ABC 0.256 0.46
LPA 0.091 0.174
Dolphin | Ground Truth 0.091 0.174
D-ABC 0.113 0.215
LPA 0.046 0.65
Book Ground Truth 0.977 1.19
D-ABC 0.393 0.519
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LPA algorithm gets same results as ground truth in Zachary and Dolphin
dataset. For dolphin dataset, the result of proposed algorithm is less than others. But the
algorithm gets better results than other algorithms in PolBook network dataset. When
seeing overall results, the proposed algorithm produces more suitable results for all
datasets. For external and internal connectivity metrics, the higher the conductance and
normalize cut, the worse the detected communities are.

Comparisons on external connectivity quality functions to measure all clusters
quality are discussed in Table 5.18. The quality of external connectivity of each
community can define as the less, the better. According to the results, D-ABC get better

values on the three datasets as ground truth values except dolphin network.

Table 5. 18 Comparisons on External Connectivity Metrics

Dataset Algorithm Expansion Cut ratio

LPA 0.75 0.048

Ground
Employee Truth 0.76 0.048
D-ABC 0.76 0.048
LPA 1.176 0.069

Ground
Zachary Truth 1.18 0.069
D-ABC 1.18 0.069
LPA 0.442 0.014

. Ground
Dolphin Truth 0.442 0.014
D-ABC 0.552 0.0178
LPA 3.51 0.042

Ground

Book Truth 6.324 0.08

D-ABC 2.77 0.036

The modularity result of D-ABC is compared with the modularity accuracy
results of FG (Fast Greedy) [9], (BOCD) bi-objective Community Detection [1] and
EA (Evolutionary Algorithm). The following Table 5.19 describes the Modularity and
NMI quality values of each dataset. D-ABC achieves more accurate results on all
datasets because it uses the ground truth community numbers of three networks. It
makes the algorithm more targeted and can improve the detection accuracy of the

communities. Bi-Objective CD provides more modular results than other algorithms in
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karate club and dolphin dataset. Its community number differs slightly from the real
community number. FG and EA receive the appropriate modular value and NMI results

in all datasets. D-ABC gets better modularity value and NMI result in football dataset.

Table 5. 19 Modularity and NMI Results Comparison of Four Algorithms using Three

Datasets
Karate Dolphin Football

Algorithm

Modularity | NMI | Modularity | NMI | Modularity | NMI
D-ABC 0.371 1 0.38 | 0.835 059 | 0.89
FG 0.38 | 0.69 0.49 | 0.55 0.54 0.7
BOCD 0.419 | 0.695 0.507 | 0.615 0.577 | 0.878
EA 0.38 | 0.83 0.46 | 0.78 0.56 | 0.76

As demonstrated in Figure 5.18, the proposed approach shows the effectiveness
of modularity values on different datasets. These datasets cannot get ground truth data.
Therefore, their qualities are measured by using network modularity result. The
experiments make map reduce procedure of Spark framework on standalone computer.
According to the table, the proposed algorithm gets effective modularity result in all
datasets.

In Figure 5.18, Infomap, label propagation and the proposed algorithms show
the modularity results by comparison on four networks that have different sizes. LPA
algorithm gets effective community results in Facebook dataset, but it cannot detect
effective community in email dataset. Infomap algorithm detects suitable communities
in all datasets and cannot detect dblp dataset that contains million nodes and billion
edges. According to modularity results, the proposed algorithm effectively detects the

community structures with optimized modular values in all datasets.
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Figure 5. 15 Comparison of Modularity Results on Four Datasets

5.7 Comparison with Other Well-Known CD Algorithms

To show the proposed algorithm’s effectiveness, the researcher has compared
the modularity results of the proposed algorithm with other traditional algorithms and
well-known meta-heuristic algorithms named as Genetic Algorithm (GA) and Artificial
Bee Colony Algorithm (ABC) on some dataset.

Firstly, the finding results based on ground truth data are compared with ABC
algorithm. Figure 5.16 shows the modularity and accuracy measurement results
comparison using two algorithms on some datasets. According to the result ABC gets
more effective result on small size networks and D-ABC gets more effective modularity
on football network. Moreover, D-ABC gets higher accuracy than ABC algorithm in
all datasets. The proposed algorithm uses ground truth community number to get more
effective community results. When the datasets have actual community number, D-
ABC will get the suitable modularity result and can also get more accurate NMI results

on all datasets.
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Figure 5. 16 Modularity and NMI Companions between ABC and D-ABC

ABC algorithm used graph-based solution representation that is also called
locus based solution representation. This representation requires encoding and
decoding step for the result community for each solution.

The datasets that do not know the community number, the proposed system
calculates the number of community using label based encoding schema. But to reach
more optimal solution quickly, the proposed system calculated the community number
by using square root of the number of nodes. This calculation will be used if the number
of node is greater than 16. For below 16 members, the number of community sets the
half of the node number to reach optimal solution quickly. The maximum number of
clusters is not greater than the number of nodes. The purpose of the community
detection algorithm is to get better modularity result. However, the proposed system
clusters the datasets with better modularity results.

Table 5.20 compares the modularity result of four datasets with other types of
community detection algorithms. D-ABC gets more modular values in all datasets.
Louvain dataset gets better modular value in karate club dataset and Infomap gets
effective modularity result in Dolphin dataset. All algorithms get similar modularity

results in football dataset except Leading Eigenvector.

86



Table 5. 20 Modularity Values Comparison of Six Algorithms on Four Datasets

Algorithm Karate | Dolphin | Football | Book

Infomap 0.402 0.52 0.598 | 0.496
Label propagation 0.402 0.51 0.598 | 0.498
Leading eigenvector 0.393 0.491 0.492 | 0.465
Louvain 0.419 0.519 0.598 | 0.515
Walktrap 0.353 0.488 0.598 | 0.501
DABC 0.419 0.526 0.598 | 0.523

To compare the Genetic Algorithm, the proposed system set population
size=100, iteration100 as GA algorithm on four datasets such as Karate, Dolphin,
Football and Employee networks. Table 5.21 is the comparison of GA and D-ABC for
four datasets based on modularity value. In this table, Com-No is the detected

community number of each dataset.

Table 5. 21 Modularity Comparison of Two Algorithms on Four Datasets

Com- Com- Com- Com-
Algorithm | Karate Dolphin Football Employee
No No No No
GA 0.4092 4 0.5342 4 0.5695 7 0.591 4
D-ABC 0.419 4 0.526 4 0.598 8 0.563 4

Two algorithms use 100 iteration size and solution is 100 in all dataset.
According to the results, D-ABC gets effective result than GA algorithms on two
datasets such as Karate and football.

Figure 5.17 and figure 5.18 demonstrate the modularity result of Zachary karate
club dataset in each iteration. Figure 5.17 is the result of modularity using D-ABC
algorithm. It shows that modularity result rapidly increase at iteration number among 8
to 15. Iteration number 12 to 35 has slightly increased. When reaching the iteration
number over 35, the modularity result is stable, it does not change until iteration number
is 100. In Figure 5.18, modularity values of karate dataset using GA has changed before

iteration number 10. Then the result is stable until maximum iteration.
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Figure 5. 17 Modularity Results of Karate Dataset in Each Iteration Using D-ABC
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Figure 5. 18 Modularity Results of Karate Dataset in Each Iteration Using GA

The result variation of Dolphin dataset is also described in Figure 5.19 and
Figure 5.20. The modularity values change in each iteration before reaching the
iteration number 60 in the proposed system. Then modularity value 0.52 is stable until
the maximum iteration. The modularity values change in GA algorithm before iteration

number 20 and fix result are reached after iteration number 20.
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Figure 5. 19 Modularity Results of Dolphin Dataset in Each Iteration Using D-ABC
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Figure 5. 20 Modularity Results of Dolphin Dataset in Each Iteration Using GA

Figure 5.21 shows the evolving modularity result in each iteration of datasets
using D-ABC and 5.22 tests on GA iteration on football dataset. When using D-ABC

on football dataset, each iteration gets different modularity result. After reaching
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iteration number 60, the value is stable in 0.59825. When using GA, the modularity

values evolves before iteration number 20, the value is stable at 0.5695
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Figure 5. 21 Modularity Results of Each Iteration on Football Dataset Using D-ABC
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Figure 5. 22 Modularity Results of Each Iteration on Football Dataset Using GA

In Employee dataset, the modularity value evolution can be seen before iteration

number 10 in both algorithms. When using D-ABC, the modularity value reaches 0.561
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shown in Figure 5.23. The Figure 5.24 shows the modularity result in each iteration by

using GA. The modularity value of GA also stables before iteration number 10.

Employee Dataset
./

0 20 40 60 80 100 120
iteration

Figure 5. 23 Modularity Results of Each Iteration on Employee Dataset Using D-ABC
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Figure 5. 24 Modularity Results of Each Iteration on Employee Dataset Using GA
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Figure 5. 25 Evolving Modularity Results in Each iteration for Nine Datasets

Evolving modularity values in each iteration are shown in figure 5.25 for nine
datasets. All of the datasets use maximum iteration 100 and population size 100. After
reaching iteration number 50, most of the datasets get the optimal result and their
modularity results are slightly changed. The time taken for each dataset is different.
Small datasets take under an hour to reach the optimal solution and large datasets take

more than one hour to reach the optimal solution.

5.8 Findings and Discussions

The proposed work in this system was accomplished by thoroughly evaluating
the well-known community detection algorithms such as LPA, ABC,BOCD, GA
,infomap and many other algorithms. Based on the above detailed assessment which
covers many aspects of community identification, that the proposed approach has its
strengths and weaknesses. The algorithms have their own efficiency and can be adapted
to various performance measure and different characteristics of datasets. The system
needs ground truth result to measure the accuracy of the algorithm when using NMI
metric. The results show that the proposed algorithm works well with NMI.

There are many kinds of quality measure functions for community detection
problem, among them the proposed system used inter cluster density, Expansion, Cut
Ratio, conductance, normalized cut and modularity. Finally, the results demonstrated
on different kinds of networks show the valuable performance which covers the

accuracy, efficiency and effectiveness of the proposed algorithm. The proposed system
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uses the ground truth community number to reach optimal solution quickly, if the
dataset has known community number. Based on this community, the system detects
the community structures of the given network to get effective modularity results and
clusters. The number of community is calculated based on the number of vertices of the
network when the dataset does not know the exact community number. It also get the
effective results in four networks as GA algorithm. The system tested various types of
population initialization. The proposed initialization is the more suitable for the
proposed discrete artificial bee colony algorithm. The algorithm purposes that the
output community structures of the given network have the high modularity result.
Therefore, population size and iteration are also adjusted to get better result.

The proposed algorithm detects more effective community results on densely
connected networks such as Employee and karate club datasets. It also detects the
community structures of other datasets compared with other researcher’s proposed
algorithms that can get from their research papers and Github. According to
experimental results, the proposed algorithm benefits to the performance which covers
the efficiency, effectiveness and accuracy.

5.9 Summary

This section tests the experiment on certain social network datasets with ground
truth information. Then, it discusses measurement of the accuracy called NMI score. In
this measurement, how accurate the proposed algorithm’s work must be, when the
result is matched with the ground truth result of dataset. It also describes the
experiments on the other real network datasets that does not know ground truth results.

It then discusses the community results comparison with other optimization
based community detection algorithms and the proposed algorithm. It also described
six well known evaluation methods which are used to assess the effectiveness of the
outcome community structure. These methods are modularity, internal density,
expansion, cut ratio, normalized cut and conductance. This chapter presents the
effectiveness of the proposed system by evaluating the experiment on some kinds of

ground truth networks and other networks.
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CHAPTER 6
CONCLUSION AND FUTURE WORK

People in society have always preferred to stay in community by forming small
or large communities. Community may develop based on race, color, religion, interest,
gender, occupation and hobbies. Communities in a network are collection of nodes that
have more connected to each other in a cluster than nodes in the other parts of the
network. Today, social community discovery becomes a main topic in the field of
computational intelligence and it has long been a topic of social research as it relates to
urban studies, social marketing, criminology and many other disciplines.

Several previous community detection techniques were developed to find
community in complex social network by using the hierarchical relationships within the
network. In general, those methods cannot obtain the exact solution. So, community
detection problem becomes optimization problems where the objective function is the
maximization of some quality index. In this thesis, artificial bee colony optimization
based algorithm is proposed to detect community in social network. It also depends on
modularization of the network. The performance of the algorithm directly influence the
quality function of the problem. The proposed algorithm was tested on various types of
real world networks. Experimental results confirm the validity, efficient and the
efficiency of this method. The proposed algorithm called Discrete Artificial Bee Colony
(D-ABC) Algorithm is an optimization technique that works effectively for the
community detection problem according to the experimental results.

The optimal results demonstrate that the performance of the proposed approach
give the promising result in terms of accuracy, and successfully finds the most suitable
modularize community structure. In this chapter, the main contents of the proposed

system are summarized and future research direction is also suggested.

6.1 Research Conclusion

The efficient community detection algorithms is very important for social
network analysis that contains millions of nodes and edges. Discovering community
also known as the graph partition in social network reveals hidden relationships
between nodes in it. The members in each cluster have dense relationships than other
members in the network. In this thesis, it considers on the undirected and unweighted

graph. Adjacency list and matrix are used for graph creation in traditional graph
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algorithm. When the graph size is large, they will not create a graph structure
representation. Therefore, GraphX in Spark Framework is used to represent graph
structure of real world network. Feature analysis and predicting the behavior of
complex networks is the attractive research areas in the theories and behavioral
implications for topology analysis. Finding the structure of the community can give
many effectiveness for the above works. Results can be used in recommendation
system, link prediction, and influence user analysis and customer segmentation.

In classification and cluster analysis, accuracy is a commonly used measure. It
uses the real category information of the data as a benchmark to measure how many
data are divided into the correct groupings. They can get exact one solution. But
community detection problem in social network does not solve to reach the exact
solution, it can produce optimal solution. The researcher tries to get optimal solution
for community detection in social network problem.

Modified version of traditional artificial bee colony algorithm is used to detect
community structure in graphs based on Spark Framework. ABC is used in numerical
optimization problem. D-ABC can also be used use in discrete type problem such as
community detection. GraphX in Spark is used to create graph instead of different type
of graph representation such as adjacency list, matrix. It does not need the information
of how many communities are to be generated and it is not given as an input. The
applicable initialization scheme and search strategy of bees in ABC is proposed to solve
discrete problem. To evaluate the success of the algorithm, Modularity Q is used as
fitness function. For ground truth dataset, normalize mutual information is used to test
the algorithm’s accuracy. If datasets which doesn’t have ground truth results,
community scoring functions will be used. They are calculated based on external
connectivity, internal connectivity, both external and internal connectivity and network
model. These techniques will be used to judge community quality.

The proposed system also evaluates effective modularize results of output
community in the real world social network. Finally, six kinds of quality functions such
as modularity, conductance, normalized cut, expansion, cut ratio and internal density is
used to measure the quality of result community. The more the modularity value, the
better the result. For the other metrics results, the less the better.

To demonstrate the effectiveness of the proposed algorithm, various test on five
small real world networks with ground-truth communities are carried out. At the same

time, test the performance of the proposed algorithm on different size of real networks
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assume non ground truth dataset. It does not need any prior knowledge about the
number of communities and community size. It turns out that this work is done in a
modular way compared to the other well-known optimization algorithms such as
artificial bee colony algorithm, genetic algorithm and many other CD algorithms. By
doing this, the proposed system achieved the good community list for the target

network.

6.2 Findings and Discussions

Generally, it can be divided into two kinds of community detecting algorithm.
These are the algorithm of disjoint and the overlapping community division. The
proposed system used on disjoint community detection. Firstly, the raw graph data will
be loaded. If the data format of graph is directed, the proposed system treat directed
graph as undirected graph with each edge represents two directed edges. This
corresponds to the parameter of graph structure information. This step makes the
proposed algorithm suitable for Spark platform.

Secondly, initialize the food source of D-ABC. Two types of encoding schema
such as locus based and label based can be used for initialization step. Locus-based
encoding schema needs the decoding step to know the community members. Therefore,
label based solution initialization is chosen for population initialization. Then calculate
the fitness of each food source using chosen fitness function and then search the best
food source using three kind of bees. There are many kinds of fitness function to adjust
the result community structure. All metrics have pros and cons. Modularity function
has resolution limit problem. A paper using ABC algorithm proposed by Ahmed
Ibrahem Hafez and co-author used many kinds of objective functions as the fitness
function of the algorithm. According to the results, some metrics get effective results
in some dataset, but not in other datasets. Averagely, modularity function gets
proportional result in all dataset. So, modularity is used as the fitness function of the
proposed algorithm.

In Initialization procedure, that generates the food source and initialize the
position according to the ID of each node so that all these food sources are the same as
other. Node degree centrality is used to find the similar nodes or connectivity nodes in
a community. If the node has the most interaction to other node, it will be the most
important node in a group. For one third of each food source, randomly choose node

and change its cluster to the majority clusters of its neighbors. This process is repeated
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several times. The effective initialization strategy makes the convergence of algorithm
faster. The system shows that string-based solution with the appropriate modifications
isamore reliable and efficient method in detecting communities in large-scale networks
than the popular CD methods.

If the dataset does not have ground truth community, label-based encoding
schema can produce the number of community for the given network. It does not need
to know the group size and group number. To reach quickly the convergence result, the
number of community is calculated by using the square root of the number of nodes.
This calculation is useful for sample test datasets. The number of iterations and
population sizes are also important for evolutionary algorithm. For some dataset such
as Zachary karate club, employee and dolphin dataset needs population size 50 and
iteration 50 to get optimal modularity result. At this iteration and population size, the
proposed algorithm gets optimal community result. The rest datasets require population
size 100 and iteration require more than 100 depend on the network size to get optimal
result. It does not need to set same iteration number and population size.

In the search strategy, the equations proposed in traditional artificial bee colony
algorithm can be used for classification and clustering for continuous problem.
Therefore, the nature of ABC is changed to solve discrete problem. ABC has poor
exploitation and is good at exploration. Exploration is made in scout bee and
exploitation is made in employed and onlooker bees. When finding the new food source
in employed and onlooker bee phase, one point crossover based operation is used to
swap the food source and adjust to get better exploitation result.

If the external connectivity among communities is lower than the internal
connectivity, then the system can detect the significant community. The low values of
the internal, external connectivity and the large values of modularity are achieved by
using this system.

Some nodes which are tightly connected to their neighbors may be comparable
with the most centrality node whose neighbors are sparsely connected with each other
and the communities may be deviated from the ground truth. The lowest similarity
among communities can be clearly separated from the significant community, however;
the more similarity values between the communities may yield the higher deviation of
communities from ground truth. The separation power among communities of the
proposed system achieved the slightly high conductance. The values for the number of

edges per node that points outside the cluster are also slightly high in expansion.
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In the efficiency of this work, all food sources are evolved in two phases such
as employed and onlooker bee phase because of the nature of the artificial bee colony
algorithm. Calculation take twice time to evolve solution in this search strategy. The
proposed system take O (log2cpn). Generally, all of the optimization algorithm take O
(cpn) time to get optimal solution. It does not consider the time taken of the objective
functions calculation. Time taken for computation is slightly high because of single
machine memory resource and processor.

The accuracy of the proposed system may decrease than the method without
considering the number of ground truth community. But the modularity may increase
than some methods and the high value of internal density that shows in the experiments.
Therefore, all of the parameter will be adjusted to produce the well-connected

community in social networks.

6.3 Limitations of Research

This study describes several important parts of the experiment and aware of
some limitation and bias of this work. One limitation is the usage of network dataset
and another is that the system only considers the edge connection between nodes and
doesn’t consider the attribute value of nodes. Therefore, the accuracy is not accurate in
some datasets.

The research only considers the edge information of the network not consider
the attribute and weight of the network. The community structure of some social
network overlaps but the system considers only finding unrelated communities in
complex social network. The system will not stop when it does not evolve the solutions
that the solution does not change in many iterations. It will run until the maximum cycle
is reach. The fitness function, modularity has resolution limit problem [18]. If the
number of community increases in small size dataset, the proposed algorithm produce
many communities and some clusters will contain only one member. The proposed

system will not produce the effective community structures in this time.

6.4 Future Research Direction

The results of this proposed system are superior to other algorithms. But there
are still issues that require further investigation and discussion. In future, this system
will need to consider the weight value of nodes and the important node attribute value

on various social network community detection. One way to improve the proposed
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system is to consider the important node that has many degrees, which may reach more
optimal results in community detection.

Future research development in parallel computing, distributed architecture, big
data, supercomputing will be making it really easy to study, inspect and evaluate social
networks efficiently. Future work will be considered to detect community on large scale
social graph, and GraphX on Apache Spark will also be used for graph parallel
processing.

To make the community detection algorithm more efficient, it can combine
measurements similar to node weights and the importance of detailed information about
the impact of nodes on community detection in complex networks.

The future work may be focused on setting some criteria to improve the
accuracy and the scalability of community detection problem. Future works will also
calculate the fitness functions on multi-objective function for community detection
problem to improve more quality of the results. Future research will be implemented
on distributed Spark framework for multi-objective optimization community detection

on large scale networks.
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