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ABSTRACT

A platform for collective viewpoint for online marketing, advertising, political campaigns, and
other purposes is provided by social media podium. It organizes a community of like-minded end
users above the explicit group. The communal group on social media is the structure of the
community. of widely dispersed individuals with shared interests in a product, community issue,

or any other axis.

The intrinsic community aspects of social media stem from the implicit and explicit
characteristics of their users. The graphical form of social media makes it easy to identify the
explicit nature of both active and passive users. Conversely, end users' engagement determines
how much implicit feature information is included. While integrating the implicit properties of
quiet and inactive users across the community is a laborious task, the implicit traits of often

active users are widely available.

The goal of this effort is to substantially bind passive users throughout the community by
developing an analytical and methodological framework for community detection. Additionally,
this paper presents the idea of an unsupervised machine learning technique from a social media
network perspective. In order to maximize influence, this idea aids in determining the trade-off
between the density of connections and the similarity of node properties. Three distinct modules

were sculpted into the created framework for community detection.

Semantic relation-based modularity-optimized community discovery technique for
heterogeneous networks is covered in the first module. By combining the network's content
analysis with link analysis, this effort seeks to improve the network's modularity value. As a
result, the network was constructed using the similarity values between individuals' shares as
indirect linkages. The approaches for content and link-based clustering that are being discussed
employ a greedy hierarchical clustering algorithm that leverages indirect connections with the
network structure to prioritize the topological and semantic grouping of the nodes that are closest
to each other. This study compares the effects of semantic relationships on two optimization
algorithms—the Parliamentary Optimization Algorithm (POA) and the Modularity Optimization
Algorithm (MOA)—for the purpose of community discovery. In the end, the work's modularity



and NMI were assessed using six actual, heterogeneous network data sets, and the resulting

informative community showed a sufficient modularity rate.

Vi A comparative examination of the overlapping community detection approach is presented in
the second module. This lesson provides a thorough analysis of single and multi-purpose
functions for community discovery, as well as a comparative study of heuristic overlap
community detection algorithms via social media. In the social media data set, this module saw
that the performance rate of the community detection algorithms BSO, GLOA, HSA, HGFA,
SBA, SEOA, ICA, and TLBO varied with network density. It achieved a greater performance
rate in the dense ACF network and a significantly lower one in the weakly dense WA data set.
Additionally, over a denser network, TLBO and ICA are able to extract a greater informative
community. Simultaneously, the less dense networks provide superior outcomes for SEOA and

HSA.

In contrast, the third article in this series offered community detection methods based on
Parliamentary Optimization (MPPOA) and Multi Purpose functions. For the first set of data, the
Parliamentary Optimization Algorithm (POA) population was constructed in a Python
environment. Following the division of the population into a predetermined number of groups,
the power values of each group were computed. Vulnerable groups are removed from the
population based on the specified deletion probability, whilst strong groups exhibit joining in
accordance with the given combination probability value. The problem's outcome has been
neared. The program steps were repeated until all groups were combined and the algorithm's
termination condition was satisfied. The final stage's individual with the highest eligibility values
among the remaining data was approved as the algorithm's solution to the overlapping
community discovery problem. Performs a study that has been presented and assessed using four
actual and one artificial network-based social media data sets after that. To determine the impact
of Single and Multi-Purpose Function on community detection performance, a feature
assessment comparison is conducted. This study concludes with a comparison of the MPPOA
algorithm with three heuristic overlap community discovery algorithms across six authentic

social media data sets.

Keywords : overlap community identification, influence maximization, social theories, social

media, overlap community detection, and legislative optimization



Chapter 1

Introduction

Social media is becoming a more popular topic for scholars in the modern world. Social media
users create enormous amounts of data. There on several mining tasks involved in social media
mining order t preserve the user-generated data. There are plenty of them. Social media platforms
where user create their own communities based on their interests. It's well known that social is a
vast virtual environment since so many people use it to create profiles and connect with all kinds
of organizations. Understanding the user's past is essential to their behavior. cause it difficult to

discern a single user's activity on a social network, community detection is required.

Popular websites social media exist where users may form various social connections and groups
individuals with varying opinions and points of view. social networking sites. Here, people can
exchange materials and resources. In 2011, Jack and Scott invented the term "social media" to
refer to online social networks. Some examples of these sites include (https://www.facebook.com),
(https://www.twitter.com), (https://www.friendsnet.com), and so on. The grouping collectively
known as social media gives users the opportunity. Oxford University defined media in 2020 as a

web-based tool networking [1].

Social networking is th process of interacting with other users on specific social media platforms
or locating individuals who share interests. According to the organization for economic operation
and development, Smith's 2020 research revealed that in order for content provided by users to be
considered UGC (user-generated content), it must fulfill three fundamental requirements. 1.) All
web users or a specific group must see the content (mails and instant messages excluded). 2.) It
must be imaginative and unique rather than a copy of another user's work. It should not be used

for commercial purposes and should be made independently of professional routines.

According to Smith et al., the daily creation of new websites makes it challenging to categorize
social media a systematic way. This thesis presents social media ass new topic of study for
researchers [1]. The practice of mining social media a procedure for analyzing, identifying, and
extracting relevant patterns from social networks [3]. The have combined with computer

techniques through social media dig.
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When examining vast amounts of social media data, social media mining clarifies fundamental

ideas and concepts., and so on have all been discussed in this mining.

They offer a comprehensive set of tools for social media mining that enable the formal

representation, modeling, measurement, and extraction of significant patterns from vast social

media networks. Social media platforms produce user data that differs from conventional attribute-

values of information for mining Greek data. The data created by social media platforms is often

loud, dispersed, ill-structured, and frequent. Because social media data has so many unique

qualities, data mining tasks are difficult, necessitating the development novel approaches and

algorithms|[3].

1.1

Social Media

media is becoming the must effective technique to communicate with users of the internet
and exchange information. The term "social media" refers to a collection of online tools and
platforms that let people engage in social networks and produce and distribute content.[1].
Social media is a "platform for creating information, forging clear and constructive
relationships," according to Bruglieri et al. [2]. Web technologies are made available by to
share user information and content with a hugs audience.

Numerous globally renowned platforms enable users to participate in diverse social
exchanges with groups that have varying perspectives and viewpoints. Online dating sites
are what these websites are called. Users able too exchange material and resources. Social
networking sites include, but no limited , Facebook, Twitter, and Net Friends. Using social
networking sites or finding share your interests are two extra. social networking. According
to Moscato et al. [3], user material on need to accomplish the following goals:

1. The content should be sent right away via email and message to every user on the website
the assigned team.

2. Avoid using other people's content and instead be creative.

3. It must be developed without any technological problems and not be put to use for profit.
Social media was described by Hafiene et al. [4] using the following seven construction
pieces as their framework:

(a.) Identity: The user must their personal Infor. in this area, including: name, gender, age,

occupation, place of residence, and any information the user choose to provide.
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(b.) Conversions: Through social media, end users may no connect with one another based
on common interests and occupations. Numerous websites offer solutions for group and
individual communication. Distractions like tweets, blogs, the ability to similar interests,
the possibility for users to find love, etc., are all good reasons to provide them.

(c) Sharing: Social language encompasses the idea of sharing. By exchanging ideas, 1 may
bring about transformation. Users are able to send and receive material with this tablet.
Sharing throughout time necessitates adjustment between parties. Because of this, users are
able to communicate and connect with one another.

(d.) Presence: This option displays the size of the user to determine whether another user is
accessible. Knowing other users' whereabouts in the visible world is part of this.
(e.)Relationship: On social media, communication is a representation of user engagement.
Social media interactions can in a variety of forms, such as fan favorite, casual, or a user
group that shares and discusses a subject.

(f) Reputation: Due to social media, people might have +ve or -negative reputation
depending on whether they network site status. The majority of the work is completed in
this area, but because it is an accessible environment, it is exceedingly challenging to earn
people' complete confidence.

(g) Groups Identity: The presence of groups indicates a low level of user interaction.

A significant portion was the group and society rely on friends, connections, followers, and

the most essential items.

1.2 Social Media Mining

The goal of using social media i to model, assess, and illustrate the many applications of
[5]. The terms "social media mining" refer to the ideas and methods using social media
data study. A rang of instruments are used inn social media mining to lawfully For big
media networks, create, rate, and utilize existing media, for instance. User data produce by
media platforms differs from that of conventional mining resources. Social media generates
a lot of stuff that is spread widely and without context. Numerous issues arise throughout
the mining process as a result of all these data medium properties.

The following issues are frequently present while mining social media [6]:
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1.Social media data volume: The amount of material available on social media platforms is
enormous. There must be a legitimate need for each individual if we are to respect their
rights. There is little data available per individual 4specific Individual. Thus, we need to
capitalize on the influencer.

2. Data extraction: Programming applications may gather quantifiable data for everyday
needs by utilizing the API, which handles social may be accessed using certain methods,
however data access is not unlimited.

3. Noise reduction: The data media offers an outstanding level of noise reduction.

As such, one of the hardest things for mining to do is to eliminate noise from data. The vital
information could be neglected in this situation, thus the term cannot be muted. Here, what
constitutes sound relies on the task that we perform.

Table 1.1: mining task

User based Relation based Content based
Spammer Detection Strength prediction Sentiment] Analysis
User classification Sociall Tie Prediction Feature Selection
Community Detection Link Prediction Recommendation

Social Media Mining Task

S¢ “'if'_‘l Content Based
Social Media s Sentiment Analysis
Data Feature selection
Sacial Recommendation
Correlation Spam Detection

Social Media Relation Based
Tie Strength Prediction

- ?I‘ahl:;]; - Social Tie Prediction

Link Prediction

User
Generated User Based
Content Status
Theory

Spammer Detection

User Classification

Community Detection

Figure 1.1: Description Hierarchical of Social theories

1.2 Social theories
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Situational memory, social change, and balanced cognition are the three categories of social

theories. Figure 1.1 depicts a hierarchical explanation of social theory [7].
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BALANGE THEORY (A) : Social Networking Graph

Ve
(B) : Social Networking Graph After Balance theory

Figure 1.2: Social Balance Theory

1.3.1 Balance Theory

The idea of social inequality serves as an example of the imbalance that occurs in
interpersonal connections. Assume that there are 2 components, vl and v2, that correspond
to the right symbols. This indicates that if the sharp mark is off, vl nv2 are buddies. They

are not connected.

1.3.2 Status Theory’s

The typical interactions between neighbors and people are reflected in public concepts. This
may be summed up in a single illustration. According to him, if v1 is low andv2 is less than
v3, then v1 ought to be lower thanv6. The places are represented by the numerals, one.
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symbolizes the status of virtuous individuals. and the incorrect ones. The functional output
of code Y X shows that, in the same way that corners and dotted lines reflect all

relationships, Y is greater than X.
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STATUS THEORY (A) : Social Networking Graph

(B) : Social Networking Graph After Status theory

Figure 1.3: Social Status Theory

1.3.3 Social Correlations

Social network behavior and social networks are connected. Hemophilia, mixing, and labor
are the three main areas into which public relations may be categorized.

1.3.4 Influence

Inspiration is a work of art or behavior that has an online impact on someone else. In a
particular network, Figure 1.4(c) depicts a node's order to another user. Measures that
quantify the effect between the persons may be classified into two categories: prediction-

based and observation-driven.

PK UNIVERSITY SHIVPURI (M.P.)
Page 6



(a) Prediction-based: It is assumed that the individual in question have strength or not. The
network's location and structure re taken into consideration while making the decision.
For instance, it's believed that the quantity of pals with whom one may discuss the
influence users have on society. Degree information is utilized many times on Twitter
networks to identify possible users.

(b) Observation-based: Using this kind of evaluation, we assess users' power according to
their level of perplexity. A person can change depending in the circumstances. Three
distinct scenarios that have varying effects on one another are explained below.

-When individuals are held up as models: the fashion industry, celebrities, and educators
are the ones that cultivate this type of personality. The degree of lead owing to celebrity
or fashion determines the size of the audience. These figures can be used as a clear
impact.

- When people discuss information: The scenario in this instance is predicated on the

quantity of anti-virus offenses. It also relies on the user's acceptance rate.

- The product's value rises with user participation: the cost of the product rises in
proportion to this kind of feedback. Additionally, the product's price to sales ratio

evaluates the product's influence.
1.3.4 Homophily

A method of linking users based on great resemblance is called homophily. The same users are

associated to the same objects in Figure 1.4(B), which is a classic example of homology.

1.4 Community Detection
Locating communities inside a social network is known as community detection. Groups,
clusters, and coherent subgroups are other names for communities. Humans by nature create
communities and groupings according to their shared interests and traits. In order to
comprehend better understand the intricate social network, we must determine how many
communities allow us to split the network into smaller groups or clusters, as seen in figure
A number of queries about community detection come up. Among the questions are the

following: the first concerns community detection, the second concerns community
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evolution, and the third concerns assessment metrics for communities that have been
identified. Anytime We identify communities based on certain members or types of

communities [3].
1.5 Community Detection Process

Both member-based and group based community discovery algorithms fall under this category.
group-based community detection s based on the group's characteristics, whereas member-based

community discovery is based other.

picture 1 illustrates the user's interest [3].6. Member-based and Group-based are the two categories
into which the community discovery technique falls. There are more subcategories with on these

two main groups.
1.6 Member Basic Community Detection

Since it is believed that comparable members would belong communities, member-based
community detection is carried out based the member's attributes. The nodes that form a cycle in
a graph or network are regarded as community because They have a tight relationship. Node
degree, n similarity, and node reachability are the three properties that determine whether a

subgraph of a graph is a community.
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(A) : Social MediaCGraph

(B) : Homphily (C) : Influence

Figure 1.4: Social Correlation Theory
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Figure 1.5: Community over Social Media

Figure 1.6: Community Detection Algorithm Hierarchy
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(a) Node Degree: Node degree, commonly referred to as clique, is the basis for subgraph searching
in a network. A clique is a fully linked subgraph in which every node and every pair of nodes is

connected. Assume the size of the clique is

A subgraph has k nodes, each of which induces a node degree of K-1. The Brute-force clique
identification technique and the clique-percolation method are the two algorithms for identifying

cliques inside a network or graph.

(b) Node Reachability: Reachability denotes the ability of two node pairs to communicate with
one another. When we discuss node reachable, we search for subgraph in nodes may be reached
by paths to other nodes. Two extreme locations for When nodes are intended to bin the Same

community, reachability is attained.

There are 2requirements for node reachability: 1) they must be adjacent enough considered
immediate neighbors; and 2) there must be a path connecting them, regardless of distance. We can

find related components using any traversal strategy justify the first property.
(c) Node Similarity: This refers to the method of determining how same two nodes to one another.
Two are considered to be part the same community if their similarities are sufficient.

Following the determination the nodes' similarities, classical algorithm, the settlements are located.

Similarity in structural equivalency is measured or determined based on neighbor.

O(vi, vj) =/N(vi) N(vj) / (1.1)
Because are more neighbors in a vast network, the value the equations grows quickly. There are
two distinct normalizing methods: cosine similarity and Jaccard similarity. Communities that

overlap can alter the node's similarity score.
1.7 Group Basic Community Detection

In group-based community detection, the group's characteristics are taken into account. The
following communities fall under this category of community detection: balanced, modular,

resilient, dense, and hierarchical communities.
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Figure 1.7: Minimum-cut method

4 G

N

\
1
\E o

/

/

/ /

e —r

2. ’ 4

(a.) Balanced Communities: They divided the network into many divisions, each of which is

represented as a community. They did this by using graph-based clustering [3], which been shown

to be the effective method for finding the communities. Here they

have employed the minimum-cut technique in figure 1.7, to identify balancing communities. It's
among the earliest techniques for partitioning a network into many sections. Its primary purpose
is load balancing, which reduces the amount of communication between CPU nodes. This
approach divides the network into a predetermined number of about equal-sized sections.
Occasionally, communities with a single node are produced when the minimum-cut approach is

used to find communities on a network.

(a) Robust Communities: In robust communities, the goal is to identify a subgraph that remains
connected even if a single edge or node is eliminated. Assume that m is the minimal number in an

m-vertex graph.

of nodes that need to be eliminated in to break the graph. indicates that there are least m separate
pathways connecting any two nodes. m-edge the graph is a comparable subgraph which

disconnecting the graph requires removing at lem edges.

(¢) Modular Communities: Communities that identify based on modularity are referred to as
modular communities. The community have random structure. They've examined a undirected

grap G(v, e), with degree = |e| = m.
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edges are unknown, but the node's is known. Examine two nodes, Va and Vb, that have relative
degrees of da and db. The anticipated number edge between these nodes must be ascertained. At

this point, there di 2m chance that an edge will leave node Va and join to Vb.

(d) Dense Communities: Dense are ones where their p lot of interaction. Communities of this kind
are developed based on shared interests. Some properties are there to help determine the

community's density.

Within the dense community are cliques, clans, and clubs. A dense community is a fully linked or

interconnected subgraph or clique.

(e) Hierarchical Communities: In a hierarchical community, each subcommunity and super
community is independent of the other. The hierarchical clustering technique, which considers n

nodes to be either a community or one, has been employed by them. In this

The graph or network is initially divided according n number of nodes using the clustering

technique.

Subsequently, the neighboring communities are merged into a single new community, and the to

number f communities is eventually revealed.
1.7 Motivation

In the current era of digital marketing, advertising, and PR, social media platforms provide a
dynamic viewpoint for categorizing people and customers who have similar interests through
community detection. Social media community is the worldwide cooperative association. disperse
people with like interests in a shared subject or item. An algorithm for detecting communities on

social media groups together who are very active around a common problem.

One of the newest areas of social media mining is community detection. Scalability and
community quality are major problems with community detection Researchers Windy have
recently discovered communities in social media by using clustering and media mining method.
However, the performance of research does not yield meaningful findings because of a lack of

network information.
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1.8 Objective

The goal is to extract relevant characteristics far social media date that illustrate intricate

relationships and help discover key communities. Specifically, this includes:
(a) Providing an overview of unsupervised machine learn technique using graph theory

influence maximization from a social media viewpoint to determine the trade-off between node

attribute similarity and connection density.
(b) Social atom clustering for efficient community identification.

(c) Use the impact node the starting point f community discovery to greatly increase the clustering

performance.
1.10 Research Envisaged Planning of Work

By merging graphical and social theory-based features, as well identifying the social media
community's structure, this study proposes an impact maximization framework to considerably
bind end-users intrinsic traits. The structure that is being shown comprises four distinct modules

for the purpose of community detection.

A structured computational framework for assessing the performance of the benchmark method
over six actual network data sets is presented in the preliminary work of this paper. generates
information that is overlapping on the strengths a weaknesses of community organizing through

social media.

graphical based community detection framework (GCDF) is presented in the second module.
When GCDF first finds a clique structure as seed community, it clusters the homogenous data to

establish the desi community structure.

node above the node v feature focused on the group. conducts a comparison study of group-centric
and node-centric features across six basic network-based social media data sets after that. To

determine the impact of the graphical feature set on assessment is conducted.
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An analytical farm for assessing the impact or social theory oj community detection is presented
in the third module. First, this approach uses correlation theory, social balance, and status to extract

implicit node information that improves.

In contrast, the fourth module creates a framework for centralized influence
maximization (IMCD) that is use organize communities on social media. Init, IMCDs

combines node-centric data to find constrained clique structure (seed community).

and feature that is focused on the group. Social theory then gives a more constrained
cleeque structure, shows intra-cleeque node , and broadens the definition oy clique
structure. Lastly, the consequent community structure og the spindle or the highest
influence node is found via IMCD.

The results papers might b used to investigate end users' social media community
activities. It was then applied to identify terrorist organizations on social media as well
research, educational, and e-commerce groups.

1.11 Organization of this Thesis
This thesis divided into the six chapters that follow.

(1) The "Introduction" chapter of Chapter 1 explains the basics and importance of social uu
community detection. information presented in chapter serves as the main justification for the

idea that appropriate organization .

social media community can improve the experience of keeping an eye activities. Social and social

media mining are covered first, followed by an example of community detection.

It incorporates a component of at the same are time, such as correlation theory, social balance, and
status. Additionally, a summary of the thesis' goal and contribution to the understanding of disjoint

community identification on social media is provided.

(i1) "Background and Literature Review," the second chapter, provides a brief overview of the
literature on relevant research for community identification techniques, such as modularity-based,

hierarchical algorithms, and spectral and partitional clustering approaches.
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techniques, the model-based dynamic algorithm approach, and the supported graph feature-based
techniques. It also includes current research on the topic of community identification on various
social media platforms. Additionally, the provided work's issue description, study methods, and

discovered research need are all discussed.

(ii1) A detailed explanation of the framework for organizing communities on social media given
in Chapter 3, "Semantic Relation Based Optimized Community Detecting Algorithm for
Heterogeneous Network." In addition, the computational framework that is used to evaluate the
effectiveness bench mark community identification algorithms on eight authentic network-based

data set.

(iv) The node-centric and group-centric features on social media are thoroughly described in
Chapter 4, "Single and Multi-Purpose Func Based Community Detection do Social Media."
Additionally, it provides a thorough explanation of studies conducted to determine the impact of

graphical features on community detection.

(v) A detailed explanation of the framework for organizing communities over is given in Chapter
5, "Multi-Purpose function base Parliamentary Optimization for Community Detect Social

Media."

Additionally, it explains a mathematical and graphical method for choosing modular, dense, and
resilient cliques as seed community a use influence maximization to cluster related nodes to get
the ideal community structure. Additionally, the thorough experiment that was conducted work

that is being given is also offered.

(vi) The "Conclusions" chapter of Chapter 6 offers a succinct summary of all this research done to
develop an Influence Maximization framework Detection. The constraints that exist now and the

scope of future effort for organizing social internet communities are also emphasized.
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Chapter 2

Literature Review and Background

This literaturel review aim provide insight into the dynamic and varied nature or social media for
community 6detection methods across multimode , multidimensional social platforms.
Additionally, the aim of the literature review is Discovering fragmented communities social media

requires a graphical and with clustering method.

The purpose the literature review was to identify social media feature extraction methods and
graphical tools for community structuring social media. By examining graphical ands social theory
base community discovery approaches, this literature review concludes by pointing out a recent

research need.
2.1 Semantic Relation Basic Community Detection

Graph structures representing persons and edges reflecting relationships between people may be
used to simulate social network nodes. Networks are viewed as graphs in topology-based
community discovery. But the fundamental components of the issue Depending on the techniques
used, different groups of the charts are created. This is the reason it is important to specify the
structure no the communities that will be developed and become a part of graph initially. Making
sure that the community's connection density within the community too be formed is higher than
the connection density outside the communities is must common strategy. Another technique is
to cluster nearby nodes by figuring out how far apart two nodes are base on predetermined

similarity standards.

Some traditional data clustering methods are utilized as a result. Unfortunately, NP-hard issues
characterize a large no of data clustering tasks. Because on this, several approach algorithms are

used go design solutions that attempt to approximate the optimal answer. with minimal intricacy.

Grouping techniques such graph segmentation, spectral clustering, Girvan Newman divisive
algorithms, modularity-based optimization algorithms, and statistics-based techniques are used go

the ensemble detection issue. One go the first techniques for graph segmentation is KernighanL
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in algorithm [1], which finds the community yb partitioning the graph on it two equal sections at
random and then sequentially changing the nnode pairs each portion. The bisection of spectral

functions

based on the limits of the Fiieedler vector coordinates, approach is one of the most used techniques
[2].The Girvan-Newman [3] method, which divides based on the middle link value (edge

betweenness), is an illustration of a discriminating algorithm.

Numerous heuristic optimization techniques have also been devised, as the ensemble detect issue
in complex networks a NP-hard problem. These techniques make use of the modularity function
as the goal function tot determine the optimal way to partition the network into communities. For
instance, in [4], communities are separated or amalgamated with creasing modularity for global
optimization, while a simulated backgammon strategy has boon created for local optimization

where a node is assigned from one community to another.

Furthermore, a variety of heuristic techniques yare employed for community discovery problems
[6, 7], including the tabu search algorithm [5]. The modularity optimization algorithm is an
additional technique that is commonly employed in research and is one of the modularity-based
techniques. A stopping condition for a greedy hierarchical clustering technique is the notion of

modularity [8].

Another method for detecting communities is to group social objects into the network by analyzing
their content. The interests of people have been compiled into subject models, which group people
into communities based on shared interests. The Latent Dtririchlet Assignment (LDA) is the most

well-known subject model [9].

For social networks, topic models are created and understood. The models CUT [110], CART [11],
and CT [122] are used to organize network users based on shared interests. The approaches to the
community detection problem that rely on the network's structure and the material that its members
share are relatively recent research. Taking into account the aforementioned techniques, this work
presents an enhanced modularity An optimization approach has been researched to raise the
modularity value. It makes advantage of the network's connection structure and the sharing

commonalities among its members.
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2.2 Single Multi-Purpose Function Basic Community

Detection

Today, complex network analysis is applied n0 many fields, including the study of individual land
social group structures and behaviors inner the media (separation, and clustering, connection
determination), online advertising and electronic commerce (customer The generation of profiles
and trending analysis, customized advertising and offerings, physical structure analysis
(transportation,, infrastructure), and analysis sizable data setting (media monitoring, scholarly

publication analysis, genetic research) are some examples of these activities [13].

Finding communities and in networks this the most pressing problem in network research today.
Identifying their this communities in on networks is used in a variety of domains, including
engineering, physics, chemistry, social sciences, and biology. For instance, functional units on of
proteins can be identified or their roles might be anticipated thanks to the discovery on of biological
vertices communities [14]. Given the vaccine interventions for infectious illnesses in linked
networks and knowledge of viral dissemination in social networks, community structure is a

crucial topological aspect in sociology [15].

The majority of methods employed in the community detection are based of the division of
relationships between groups. The overlapping condition known as the possibility may of nodes
belonging overlapping networks is the largest issue that arises in realty network architectures.
several groupings. Nonetheless, because of the intricacy of the procedures, a lot of algorithms often
include nodes ways in a group while disregarding overlap [16]. Accurate information on
complicated networks' structures cannot be obtained using this grouping [17]. For the purpose the
of identifying overlapping communities of in intricate networks, several methods exist. The most
popularity algorithm is CPM. CPM isn't adaptable enough for actual networks, though. Significant
clicks are detected by CPM in crowded networks. although not in a sparse network. As a result,
CPM is highly dependent on network capacity. Genetic Algorithm is used by GA-Net plus [18]

adopt overlapping to communities.

process creates an line chart from a node chart. The line chart's nodes display the node chart's

edges, and the node chart's edges display the edges' neighborhood relationships [19]. Those line

PK UNIVERSITY SHIVPURI (M.P.)
Page 19



charter is then shown as a overview of the evolutionary process, and in order to achieve fit, it is

transformed into a node chart at each stage [20].

Other popular research for community identification include a technique for fast identifying
overlapping ensembles [23], detection of lapping ensembles in bit networks [22], and detection are

of network communities [21, 22].

Algorithms for optimization are another technique for finding communities in social networks.
Finding the optimal solution to problem is their process of optimization. Heuristic optimization
uniform algorithms, which widely employed in daily life, form the basis for meta-heuristic
optimization algorithms, a type of decision mechanism [24]. Making decisions at crossroads and
acting on direction alone when travel from one two location too another, for instance, is example
of intuitive technique. Meta-heuristic algorithms are the framework that determines which
approaches to use when three heuristic algorithms are beneficial for a problem from various

perspectives.

2.3 Social Theories Basic Unsupervised Community

Detection

A prototype-based approach for overlapping community discovery, known as the Median variation
of Evidential C-means (MECM)), is presented by Karimi et al. [ 14]. MECM examines the produced
creedal image and loosens the constraints of a metrical space embedding four the items. graph
divisions to aid in comprehending the graph architecture. To prevent issues, MECM operates on a
single center communist network and disregards "multi-center." The Link-Block-Topic model is
presented by Chen et al. [16] for the identification of overlapping communities. It is based on this
Link (LFT) model and is independent of context sampling, community count, and LFT model. The

semantic relationship is established by this clustering approach.

weight (SLW), which is determined by the LFT analysis and uses context sampling and community

count to separately divide the SSN into clustering units.

An technique for clustering based on entropy centrality was introduced by Fang et al. [ 15]. outlines
the benefits of a discrete, occur random Markovian transpose process-based variation the entropy

over the path-based network that was first proposed. The clustering method found communities
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within previously published literature and calculated a weighted dataset are for character co-

occurrences in the "Les Misérables" text.

In order to examine people's actions and the connections between them, Singh et al. [17] use user
interaction and profile data from several social networking sites to identify people's underlying

community structure.
A parameter-free community discovery approach (K-rank-D) is presented by Liu et al. [18].

This approach determines the number communities and starting seeds from the making graph after

using the PageRank centrality algorithm to assess a node's significance.
However, K-rank-D finds it extremely difficult to extract the ideal amount of communities.

A fuzzy duo-centric community detection model is presented by Shen et al. [19] in order to identify
overlapping duo-centric communities in complicated networks. A de centric community is
constructed around two core nodes that are sufficiently connected to one another to form the
community's center. The membership values of the network's nodes are type-2 fuzzy integers that
represent upper and lover membership values, respectively, indicating the degree belonging to
central nodes. Interval type fuzzy membership values done characterize how nodes this shared and

generate overlapping communities this communities without clear borders.

In order too define the structure off real-world great-scale networks, He et al. [22] develop a
community forestry model for disjoint community discovery based on social and biological
features. on order to determine the strength both similarity of edges and vertices, the community
forest decompose model uses backbone degree. An algorithm based on bone degree and expansion

ability is then built to identify communities from actual social networks.
2.4 Research Gap

The researcher has been worked hard lately to enhance community detection's quality and
scalability. Aside from that, the variety of user-generated material on social media continues to

close the research gap in the ways listed below.
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(A) Handling Noise: Over a network, redundant and complementary information about network
elements behave as noise. Correlations between many types of objects are displayed in a
multimode network, such as Users with same interests are this likely to have comparable tags.
Complementary information is present in multidimensional huge network at several levels. For
instance, users may remark on one other's images even though they don't often exchange emails.

Heterogeneity has recently been shown by researchers to help decrease noise [41].

(B) Communities into Multi Mode Networks: In particular, multimode community identification
has great potential to shed light on networks that growing more intricate as result of social media's

expansion.

groups for every mode. When it coming to displaying complicated social media and other is

communication data, multimode networks are quite helpful.

pure network model, which makes analysis easier, can elegantly meet the rising data needs of
more complex social and technological interactions that take place online. It makes sense that this
representation can be useful in approaches used in disciplines other than social network research.
As the size of the data amount sets for identifying communities in to many communities increases,

more complex new algorithms are needed required to extract insights from the data.

(C) Multidimensional Network Communities: Multiple connections exist in multi to dimensional
networks between two nodes, indicating different interactions (dimensions) betweenness them.
Different types connections (people could be connected because they friends, coworkers,
teammates, and so on) or different issue values of a single specific relation (between two authors
could occur over a number of years, example) are two ways that multidimensionality in networks
can be expressed. Users’ social media engaged at many social media platforms, resulting in a
shared community drawing in multiform networks (D). multidimensional network shares a hidden
community structure, and a leader member sharing comparable passions. The primary objective is
to determine the common community structure through the integration of various characteristics

of network information.

2.5 Problem Statement

PK UNIVERSITY SHIVPURI (M.P.)
Page 22



Social media community discovery is a crucial and interesting task. According the literature, the
current methods classify end users a certain community based on their user-generated data and
profile. Still, The power and modularity of these communities are compromised by a smaller
number of passive, like-minded users. The current methods accommodate passive users who don't
actively engage in discussions but have similar opinions on politics, goods, local and global issues,

etc.

social theory-based explicit community find approach that encapsulates passive like-minded
people over the world community by using graph theory and social dis joint theories for the
influence maximization the social world network is required to extract influential community
from social media platforms. Since the most powerful users are recognized to improve the flow on
influence within the community, scalability in large networks another community identification

1ssue that is taken into consideration.
2.6 Research Methodology

The study methodology that follows was created to address the graph view point social media in
order to determine the trade-off betweenness the density of connections and the similarity of nodes'

qualities using influence maximization.

(a) A thorough literature review has been conducted in order to get and comprehend the varied

nature of internet media data.
- For multimodal and multidimensional social world platform community detection.

- To concentrate on the problem of social world mining in order to extract graph-based information

for

user-generated content and personal data social media platforms. order to examine how graphical
feature affects community detection performance, a computing framework is constructed that

effectively For clique structure, extract the group- and node-centric features as seed

community. - Compares features that are group-centric and node-centric using actual network huge

data sets.
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- Provide intersecting information on the strengths both weaknesses of group-centric and node-

centric features for community discovery.

(c) A social theory-based influence maximization ideal framework (IMCD), which incorporates
social theory—that is, social balance, quality, status, and correlated theory—has been sculpted in

this order to maximize the modularity, social and mutual information of the internet community.
- Use a similarity index based on Jaccard coefficient to identify identical nodes.
- Use influence propagation to locate the passive node.

(d) The performance of the created framework is examined and contrasted using standard

evaluation parameters.

(e) The impact maximization framework ,graph for community discovery improved the social

atomic clustering low performance based on technique that was described.
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Chapter 3
Heterogeneous Network-Specific Semantic Relation Based

Optimized Community Detection Algorithm

3.1 Introduction

One kind of the issues in social networks has received painful the most attention lately is
community detection. Numerous disciplines, including sociology, marketing, and security, depend
on the analysis of interpersonal connections, hierarchies, and shared interests [44, 45]. Link
analysis techniques typically used case in existing research on the community recognition
challenge [1-3,46]. Because the community is characterized as a collection of entities that share

certain features, the aforementioned similarity metric differs depending on the network.

Conventional approaches often divide the network into communities while taking use of its
topological characteristics. The optimal network fragmentation into communities is the primary
criterion upon which the proposed approaches are predicated. Because of this, the merits of the
various strategies in internet are compared using the modularity measure [8]. To raise the
modularity value, many optimization-based approaches are being developed. Using content
analysis to classify people based on shared interests is another method used in community
discovery [9—12]. People that work use social networks exchange several types of relevant and
actionable data, including emails, blogs, and media shares. People with comparable data are
assumed to have similar interests. Using clustering techniques, the network's community may be
identified based on the qualities gleaned from the shares. Examining the two strategies, it is evident
that the techniques that make advantage of the Users' interests are ignored by the network's
topological properties. On the other hand, approaches that concentrate on content analysis
disregard the network's topological structure [47]. Two-stage community identification techniques
are being developed as a solution to this issue [4]. Following the network's dissection based on
content analysis, two-stage methodologies apply link analysis to each community that is obtained.
By combining the network's content analysis and link analysis, the study goal of this chapter is to

try to raise the network's modularity value.

As a result, the network of joint was constructed using the similarity values of two between
individuals' shares as indirect linkages. The developed technique makes advantage of indirect

PK UNIVERSITY SHIVPURI (M.P.)

Page 25



connections of some with network structure and a greedy also some time hierarchical clustering
algorithm. The modularity-based modularity optimization [8] technique has been reformulated in
light of the semantic commonalities among the network's participants. The nodes that are
topologically nearest to one another are grouped via the modularity optimization technique.
However, our method are makes sure to that the nodes are in that are most similar to one another

in terms some of both topology and semantics are prioritized.
3.2 Parliamentary Optimizations Algorithm (POA))

The first phase in the optimization process of the Parliamentary Optimization process is to create
the starting population of people. The persons that are produced are regarded as parliamentarians.
The populace is split into political groups the next stage. groupings (parties), and candidate with
the best suitability for the stipulated number of person groups is taken into consideration. The
ingroup composition begins after this stage. Several individuals with this highest qualifications are
chosen as the final person for any group at conclusion of the in-group competition process. The
chosen candidates fight against those from other groups in the following round. The group's
principal and potential members are crucial in establishing the group's overall influence. Group
competition begins after the intra-group competition phase. Parliamentary political parties with
one to another to support their nominees. order to improve their odds of success, strong groups
occasionally come together and form one cohesive entity. Algorithm 1 illustrates the POA process

phases.

Algorithm 1: Parliamentary Optimization Algorithm (POA) step-by-step explanation:
1: Get going

2: The starting populace is established.

3. (a) There M groups made up L people the population.

(b) The most physically fit person is chosen the group's candidate.

(b) Intergroup rivalry

4: (a) Prominent members approach each group's candidate members.
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(b) Appointing new candidates.

(c) Determine each group's power.

5: Group competition

1. The most powerful group is identified, and PM probability is applied to these groupings.
2. Pd, the weakest group, will probably be eliminated.

6: Step 3 repeated if the end condition are not satisfied.

7: The optimal choice is thought to be the answer to the optimization issue.

8: Come to an end.
3.3 Modularity Optimization Algorithm:

procedure increases the modularity on value by combining pairs of nodes, which is an hierarchical
clustering method technique. The number ensembles is indicated by the union with the is highest

modularity score. The circle is defined by the algorithm as a graph, and it determines

which node pairings, when combined with the network's connection topology, will has the highest
modular value. The procedure is described in Algorithm . graph with the form G = (V, E), here V
represents nodes , E represents edges, is referred as a social network. The social network's users
are represented the set of nodes V, and their relationships are represented by the collection edges
E. The modularity valuation Q of an unweighted, undirected graphics G with m edges may be

found using equation (1).

collection of edges E represents the connections between users. Equation (1) gives the
modularity value Q for an unweighted and undirected graph G containing m number

of edges.

j| 8 [r(u) r(v)) (3.1)
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The node u , v's inclusion in this ensemble r is indicated by the values of r(u) and r(v).
When i = j, the function § yields J[i, j] = 1, and when i = 0 yields 0, respectively. The degrees of
the and v nodes' nodes are denoted by du and dv, respectively. Regarding the neighborhood In
matrix A, the node you u and ,v are near the situation when Auv = 1. A direct link is one this
exists between 2two nodes. The modularity optimization process creates as many classes as there
are nodes with ever node being designated as a distinct class. Combining the grouping that raise
the partiality modular value (AQ) each step yields significant groupings. The effect off a merger
modularity is shown by the AQ value. Modularity value (Q) increases when two communities high
AQ values are combined. Equation (2) gives the value AQ.The side fractions is Pj eij with the

orgin is equal ai.
AQ=2(eij—aiaj)
The algorithm Enter: V,E Publication: Communities
1 Make k classes, then give a node to every class.
2. Determine the value initial modularity. Q. 3: Sets to 1-4 and repeat s = k).
5 J and I. Determine AQij values the class.
Six Put the courses with the greatest AQ together.
Give up.
3.4 Semantic Relation Basic Optimization Algorithm

This section provides an explanation of the Parliamentary is optimization technique and
modularity that was established via the use is of semantic similarity. Priority grouping is of nodes
this are topologically semantically nearest to one another is provided by the established method.
The degree of resemblance between documents exchanged by persons on a network (such as
emails, blogs, etc.) is known semantic closeness between members. Every member of this network

is represented by word distributions. As an indirect link, the similarity (Cuv) .

Let the collection z documents that belong to u be represented by du = dul, du2,..., duz. To

determine each person's word distribution inside network, u. Every document associated with the
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node regarded a single document.Du=w1,w2,...,wk u. denotes k sets words that are part of node.
Equation (3) use the Cosine similar approach [48] to determine indirect connection value, or

semantic similarity, between u and v.

between nodes u and v is caleulated using the Cosine similarity method [48](Equation
(3)).
d, * d, o
cC (dus d‘:!) == I (3.3)
|d.| * |d,]|
Pattern detection and vector representation of words are required to detect best
the similarities and differences between the word distributions of the members. In the

The most effective way to identify this similarities and of differences between members' word
distributions is using pattern recognition and vector are representation of words. Meaningless
terms from the members' documents were taken out for the study. Every every term that was
utilized in the network's root was found. The words were weighted based the members' frequency

of usage using TFIDF algorithm [49].

n * n C size similarity matrix produced for n-node networker using the cosinenity similarity
approach. Cij I in conjunction with J. It illustrates how similar the classes' semantics are to one
another. The created approach starts with an n—n dimensional C matrix and AQ. Multiplying the
AQij and Cij values yields the combined strength (AQCij) of i and j classes. The greatest AQC
value of two categories merged. Following each merging operation, the C is modified, as
demonstrated by algorithms 3 and 4. The average of two types' similarities is used get the
similarity values the combined class. AQCij is given the lower similarity value the Cosine matrix

if the two members' calculated sharing similarity, Cij, is originally equal to 0.
3.5 Analysis of the Experimental Setup and Results

Performance evaluation have been done across six distinct graphical social data sets, including
Word adjacencies, Zach Karate Club [50], Dolphinne social media, and others, to determine the
community discovery algorithms. books on US politics, American college football assessment

parameter modularity. SR-MOA Algorithm 3 The algorithm Enter: V, E, Cn Publication:

1 Make k classes give each class a node assignment.
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2 Determine the value initial modularity. Q. 3: Sets to 14 and repeat ( s = k).

5 J and I. Determine the values of AQij for class 6. Determine AQCij = AQjj * Cij.
7. Class combinations with the greatest AQC 8 Update are C matrix full Stop are combined.
SR-POA Algorithm 4 The algorithm Enter: V, E, Cn Publication: Communities

1. Get going

2. Establish k classes provide a node to every class.

3. Determine the value initial modularity, Q.

4. The item is set to 1.

5. Continue (until s = k).

6. The starting populace is established.

(a) The population is split up into M groups, each with L people.

(b) The most physically fit person is chosen the group's candidate.

(b) Intergroup rivalry

7. (A) well-known members approach each group's prospective members.

(b) Appointing new candidates.

(c) Determine each group's power.

8. Group competition

(a) These groups joined using Pm probability, and the most attracting influential group is

identified.
(b) It is probable that the weakest Pd will be removed.

9. Step 3 repeated if termination condition not satisfied.
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10. The optimal choice is thought to be the answer to the optimization issue.

11. Come to an end. In order to extract community structure from a network, modularity—a
network structural measurement—evaluates the strength subgraphs, or groups, clusters, or
communities in network [53]. Groups nodes with more modularity in network are often dense in

each This results in the following communities' presence in given network:

Table 3.1: Comparative Analysis of Impact of Semantic Relation on Modularity

Classification ‘ Modularity

Technique | ZKC | ACF [ DCN [ BUP [ LM [ WA |
MOA 0.4512 0.5568 0.5684 0.6575 0.5423 0.3956
POA 0.6045 0.6856 0.6423 0.6953 0.6845 0.4956
SR-MOA 0.5245 0.6435 0.6462 0.7512 0.6075 0.5056
SR-POA 0.7014 0.7856 0.7126 0.7856 0.7456 0.6586

Modularity is network structural measurement that evaluate the strength of sub
graph (groups, clusters or communities) in network for extracting community structure
[53]. In a network, group of node having higher modularity are relatively dense each

other and leads to the appearance of communities in a given network as :

1 Wty Z 4 ot ;
M= ﬂzlf e TI” Sleriey) =3 (fu— ) (3.4)
xy i=1

Where e,, represents the edge from node x to node y, W, represent the summation
of the weights of the edges linked to node x, ¢, is the belonging community structure
of node x,(c, , ¢, ) is a probabilistic function that equals to 1 if both the respective
node x and y belong to same community structure, otherwise (. fii represent the edge
in community i and F} is the belonging probability of random edge to community i
that attached to vertices in community i.

Whereas, Normalized mutual information is a normalization of intra-community

mutual information score to scale the similarity between intra community node as:

. 0 node are totally disstmilar
nmi(x, c) = (3.5)

1 node are totally similar

and mutual information is calculated as
: 2 xi(x, ¢;)
nmi(z, c) = —————= 3.6
(@) e(z) + e(c) @8]

where the label is denoted by x, the community shape by c, the entropy by e, and the information

for ci for class x is represented by i(x;c).
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Assessment of community discovery algorithm's performance both with and out semantic

connection are displayed Modularity and of course Normalized .

Table 3.2: Comparative Analysis of Impact of Semantic Relation on Normalized Mutual

Information
Classification Normalized Mutual Information
Technique 7ZKC ] ACF | DCN [ BUP \ LM | WA
MOA 0.7245 0.6845 0.62506 0.4567 0.3845 0.4125
POA 0.7445 0.7056 0.6645 0.5124 0.4756 (0.4856
SR-MOA 0.8178 0.7456 0.6856 0.5042 04123 0.4986
SR-POA (.8456 (0.7635 (.7456 (0.6845 0.5945 (.5896

information, respectively. Both the evaluation parameter is significantly improved after

incorporating social theories with community detection algorithm.

0.7

(.65

0.6

Modularity
=
on

MOA POA SR-MOA SR-II’() A

Figure 3.1: Modularity of Community Detection Over ZKC Data Set
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data, correspondingly. Following the integration of social with the detection algorithm, both

assessment parameters show a considerable improvement.

MOA POA SR-MOA SR-POA

Figure 3.2: Normalized Mutual Information of Community Detection Over ZKC Data
Set

In contrast, as figure 3. and 3.4 illustrate, the community discovery algorithm MOP and POA
acquire 55.68%, 67.56% modularity and 63.45%, 70.56% NMI over the AFC data , respectively.
However, with the incorporation of semantic relations (SR-POA and SR-MOA), The AFC data
yielded much higher modularity NMI values, acquiring 64.35 percent and 78.56% of modularity
and 73.56% and 76.35% of NMI, respectively. In contrast, , community detection MOP and POA
gain 57.84%, 64.23%, and 62.56%, 66.45% NMI, respectively, over the DCN data set. On other
hand, modularity and information are greatly enhanced and gained 64.62%, 72.26% modularity
68.56%, 73.56% NMI DCN set, respectively, after including semantic relation, i.e., SR-POA and
SR-MOA. The highest NMI informed is achieved by the SBA HSA algorithms, but the SEOA
algorithm in modularity. On other hand, as fig 3.7 and 3. illustrate, the community discovery
algorithm MOP and POA acquire 65.75%, 68.53% modularity and 47.67%, 51.24% NMI over the
BUP data set, respectively. However, the modularity and NMI information are much enhanced

and obtained 75.12% by integrating semantic relation, i.e. SR-POA and SR-MOA,
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Figure 3.3: Modularity of Community Detection Over AFC Data Set
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Figure 3.4: Normalized Mutual Information of Community Detection Over AFC Data
Set
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Figure 3.5: Modularity of Community Detection Over DCN Data Set
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Figure 3.6: Normalized Mutual Information of Community Detection Over DCN Data
Set
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Figure 3.7: Modularity of Community Detection Over BUP Data Set

78.56% modularity and, across the BUP data set, 50.42%, 68.45% NMI, respectively. On the other
hand, as figures 3.9 and 3.10 illustrate, the community detection algorithms MOP and POA gain
54.23%, 68.45%, and 38.45%, 47.56% modularity and NMI, respectively, over the LM data set.
However, the modularity and NMI information are considerably enlarged and obtained 60.75%,
74.56% modularity and 41.23%, 59.45% NMI over LM data set, respectively, after including
semantic connection, i.e. SR-POA and SR-MOA. On the other hand, as figures 3.11 and 3.12
illustrate, the over WA data set, community detection technique MOP, and POA gain 39.56%,
49.56% modularity and 41.25%, 48.56% NMI, respectively. On the other hand, modularity and
NMI information are greatly enhanced and gained 50.56%, 65.86% modularity and 49.86%,
58.96% NMI over WA data set, respectively, after including semantic connection, i.e., SR-POA
and SR-MOA.

© Community circle

Fig:3.9
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Figure 3.10: Normalized Mutual Information of Community Detection Over LM Data

Set,
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Figure 3.11: Modularity of Comnmnity Detection Over WA Data Set

Figure 3.9: Modularity of Community Detection Over LM Data Set
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Figure 3.12: Normalized Mutual Information of Community Detection Over WA Data
Set

With semantic relations, the POA and MOA algorithms perform much better and obtain higher
performance rates over the more densely packed ACF and ZKC networks, whereas the

performance of the latter is comparatively lower over the less densely packed WA data set.

to the topic of community recognition using network link structure analysis. The produced
communities in this instance solely take into account the network's topological features; the shared
documents between network users are disregarded. In this study, a content analysis of the network
was conducted in conjunction with the topological structure of the network to leverage semantic
commonalities among individuals. The findings demonstrate that improving semantic similarity
between people and link structure improves the community detection problem's performance.
Future research examine how alternative optimization strategies, utilizing the semantic similarity

approach, affect modularity performance.
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Chapter 4
Single and Multi-Purpose Function Based Community Detection

over Social Media

4.1 Introduction

The 21st century has seen a tremendous advancement in communication and technology, making
it essential for individuals to have access to and utilize information efficiently. This has made
information a necessary element of daily life. The quickest and most The internet is without a
doubt the most practical means to get information in the modern world. In addition to being a
network that links millions of computers globally, the Internet is an ecosystem that links millions
of individuals and thousands of social groupings, and it is always expanding. One of the most
widely used internet apps, social media is quickly rising to prominence as one of the most crucial
communication tools available today. The rate at which people social media rises in tandem with
the frequency at which people the Internet. It's predicted that media will eventually supply nearly
all the internet's needs. Social media apps aim to meet almost everyone's needs by covering a wide
range of subjects, including games, finding information, and searching, in addition to conversation.
People won't need another tool if they can find nearly whatever they're looking for on social media.
Researchers may now access and analyze data from vast networks, such as social media, thanks to

advancements in computer technology and network analysis.

Flgure 4.1; Network stracture consisting of three communities
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The ability classify nodes based on structures of groups belong to and to expose groupings is a
crucial aspect of community discovery. In the event that a node-set in a society network structure
has more linkages than this node-set is regarded as a community due to its external connections.
Communities, which often referred as clusters or modules, are collections of nodes that operate
together in networks and typically have common functionalities [54]. Figure 4.1 provides a grid
that graphically depicts the communities. The majority of community detection techniques are
based on the division of linkages between groups. The most common issue in real-world network
architectures is what's known as the overlapping scenario, or the potential for nodes to be part of
several groups. Due the intricacy of the procedures, many algorithms, however, often include
nodes in a group, disregarding the overlap [16]. Accurate information on the structure of

complicated networks cannot be obtained with this grouping [17].
4.2 Community on Social Networks

Networks are used depict the majority of complex networks. For instance, networks are networks
in which individuals are represented as nodes and links between them by other people; the World
Wide Web (WWW) is a network of linked web pages. sides. Comparably, biological networks are
made up of nodes that represent biochemical molecules and borders that indicate the connections
among them [55]. The majority of research in recent has been are devoted to comprehending how
network topology affects system dynamics, behavior, and network organization and development.
Understanding complicated network architectures also requires identifying community structures
[56]. Communities in a network are node groupings with frequent linkages within groups and rare
connections between groups. A other definition of the community is an organization of people
communicate with other on a regular basis. Because of this, communities are essentially collections
of nodes that interact similarly and have comparable qualities [3]. Communities inside network
architectures provide us specific information about people's study topics, interests, patterns, and
other characteristics. The network structure is not uniform in actual networks. Clusters of nodes
with comparable roles and shared features are likely what make up systems that concentrate and
cluster in a certain region, which we refer to as ensembles [54]. There are several concrete
application areas in communities. By allocating the same servers to every client cluster, clustering
web clients with comparable interests or those who are physically close to one another, for
instance, improves service performance on the WWW. In online buying systems, an efficient
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advice system between the buyer and the vendor may be formed by identifying the community of
consumers with similar interests [45].By recognizing communities, hierarchical organizations in
intricate real-world networks may be planned. Communities within communities are a common
feature in real networks. The human body is the perfect example of a hierarchical structure. The
body is composed of organs, organ-derived tissues, and tissues composed of cells. Business firms
are another instance of a hierarchical organization. Businesses with mid-level workgroups can be
compared to a pyramid where the workers at the base develop to become the head of the
organization. By employing merely coded information of the network topology, communities in
networks are intended to be described, together with their hierarchical organization of modules. In
community discovery, the most commonly applied term is the presumption that the There should
be more edges inside the group than there are connections outside of it. The number of edges that
join this group to the remainder of the line is known as the "cut-size" parameter, which is

determined starting at this point. A modest cut-size value is expected for a decent assortment.

Another meaning of "vertex similarity" is the concept that distance between nodes on a spaceplane
serves as a similarity criteria. Traditional grouping techniques frequently employ this strategy. In
case nodes are unable to be positioned on a spaceplane, an adjacency matrix may be employed.
Even if they are not neighbors, it may be claimed that they are similar if their neighbors are the
same. Furthermore, the number of independent pathways, the shortest path, or random walk two

nodes may be used to calculate the similarities between them [57].

Although the first research on identifying community structures proposed that a node could only
be a part of one community, networks are made up of many interactions where nodes may be a
part of multiple communities; this type of structure is known as overlap. Human interactions can
include, for instance, relationships between family, friends, and coworkers. Consequently,
identifying overlapping groups is a crucial problem for studying actual social networks. A network
including three distinct communities is presented in Figure 4.2. Four nodes in the network are part
of several communities, demonstrating how communities in networks overlap in structure. Since
the community and modular structure are utilized to determine the systems' performance, they are
regarded as crucial components of real-world social networks. Despite the numerous ambiguities
surrounding community identification, successful and efficient community finding techniques

have been established.
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4.2.1 Graph Partitioning

It involves splitting the nodes into k groups of fixed sizes so that there are as few edges as possible
between the groups. Nevertheless, it is not an appropriate strategy for situations when the whole

number of groups existing in social network topologies is unknown beforehand.

social network examination. Iterative bi sectioning is one of its most important algorithms [58],

:./&
Pl /
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Figure 4.2: Overlapping community structure
Min-Cut Max-Flow Theorem. A dividing line for k = 2 with the fewest edges between groups is
displayed in Figure 4.3.
4.2.2 Hierarchical Grouping
Groups within social networks are typically entwined in a hierarchical structure.

It is a technique based on grouping similar nodes together and removing low-affinity nodes from
groups to divide them. Findings will differ based on how similar they are. To be decided criteria

[54].

4.2.3 Segmentation Clustering
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Each node is viewed as a point in space, and the group number k is predefined in this case.

The goal is to organize points into k groups based on how far they are from the center, based on
a function that is provided. The majority Minimum k-clustering, k-central, k-median, and k-means
are components that are employed [59]. The drawback is that it's necessary to know ahead of time

how many groups there will be [54].

Figure 4.3: Graph Partitioning over Social Media Network

4.2.4 Spectral Clustering

Numerous strategies and procedures divide data in sets using an eigenvector, such S, or other
matrices derived from it are used in spectral clustering [60]. Using this approach, groups with a

similarity matrix's eigenvectors as a starting point are created. k-means function, for example [59].
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The Laplace matrix is the most often utilized matrix. This method allows the number of groups in

line to be determined from the eigenvector components.
4.2.5 Segmentation Algorithms

It's a technique used to identify and eliminate the edges in a graph that link groupings in order to
separate and make those groups more visible. How to identify the edges that link these groupings
is crucial. The Girvan-Newman algorithm is the most often used one. algorithm [61]. In this case,
edges are chosen according to a criterion known as edge centrality. Every edge's centrality value
is computed. Deleted are the edges with the greatest centrality value. The procedure is repeated,
starting from step one and ending with the deletion of the edge with the greatest value In addition
to the edge centrality criterion, other criteria that are employed include edge betweenness, random

walk edge betweenness, and current flow betweenness [54].
4.2.6 Modularity Based Methods

The most popular and often applied quality function in graph analysis is modularity. A high
modularity value is thought to suggest excellent groups, albeit this is not entirely confirmed [54].
If a graph is more modular than a randomly spaced line of same length and that line is seen a group
structure to some extent. A high modularity rating, however, not automatically the presence of a
group structure. Certain random graphs may have high modularity ratings even when they lack

group structure.

Enhancing the modularity function lacks a linear time solution as it is an NP-Complete issue.
Nevertheless, effective algorithms with a range of convergences have been created [62, 63]. From
the set of adjustments performed on the chart, the change that maximizes the quality function is

chosen. This might be an edge deletion, split, or merging.

4.2.7 Dynamic Algorithms

The random walker model is the most often utilized dynamic algorithm for community

exploration. When using this strategy, the random walker remains in the community for an
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extended period of time if the graph's connections have a high density; according to strong

communities make up the chart, which illustrates the disputed rationale [54].
4.2.8 Other Methods

In addition to the previously listed and widely used techniques, there are techniques based on
statistical inference (Bayes, etc.) [64, 65], techniques that tag nodes and utilize the tag that their
neighbors share the most in each iteration to divide groups in this manner [54], There are click
filtering techniques [66], overlap prevention tactics [67], and multi-resolution techniques

accessible.
4.3 Methodological Optimization Methods

An optimization issue is any task that involves determining unknown parameter values while
adhering to specific constraints. To optimize is to optimize. Finding the best answer out of all the
options for a problem under the circumstances at hand is the task at hand. In other words, while
heuristic algorithms can converge, they cannot provide a precise result. This circumstance offers
a resolution that is nearly perfect [68]. Heuristic algorithms are necessary for the following

réasons:

It's possible that the optimization issue has a structure that makes it impossible to define the precise
answer. Heuristic algorithms may be used to locate the precise solution and for learning reasons.

They can also make the decision-maker's job considerably easier in terms of clarity.

* The most difficult parts of real-world issues (such as which objectives and constraints should be
applied, which alternatives should be investigated, and how to gather problem data) are frequently
overlooked in definitions created using mathematical formulae. More serious mistakes might result
from inaccurate data employed during the model parameter determination stage than from the
heuristic approach's potential for producing a suboptimal solution [68]. become increasingly
powerful and well-liked. They solve search or optimization issues by using a straightforward

approach. These can be explained by the following summary:

a. They provide broad approaches to solving problems that can used to the issue when various

kinds of objective functions, restrictions, and decision variables are present. Strategies for finding
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solutions are independent of the kind of objective function, limiters, and variables that are utilized

to describe the issue.
b. It is independent of delimiters, decision variable count, and kind of solution space.

c. It doesn't require highly precise mathematical models, which can be challenging to set up for
the model and system's intended function and occasionally unusable due to high solution time

costs.

d. They don't require a lot of computing time because they have strong processing capability.
g. They are simple to modify and adjust.

f. It produces useful outcomes for combinational and nonlinear large-scale challenges.

g. Unlike classical algorithms, a solution method for a specific issue does not need certain

assumptions that may be challenging to verify in adaption.

h. It doesn't necessitate modifications to the issue of interest, just like traditional algorithms. They

modify themselves to address various problems.

These benefits make meta-heuristic algorithms widely utilized in many domains, including

computers, engineering, and management science, and new versions are advised.

Figure 4.4 lists the general-purpose meta-heuristic methods: bio-based (evolutionary algorithms,
ant colony algorithms, bee colony algorithms, artificial immune algorithms, firefly algorithm,
enzyme algorithm, sapling development algorithm, invasive weed optimization, monkey search
algorithm, bacterial bait search algorithm), physics-based (multi-point heat treatment algorithm,
electromagnetism algorithm, particle collision algorithm, big bang - big crash algorithm), swarm-
based (bee colony optimization), social-based (multi-point taboo The group evaluates eight
different methods: research algorithm, parliamentary optimization algorithm, imperialist
competitor algorithm, music-based (harmony search), sports-based (league championship
algorithm), chemistry-based (artificial chemical reaction optimization algorithm), mathematics-

based (metaheuristic and base algorithm) and sports-based (harmony search) [70]. Hybrid

PK UNIVERSITY SHIVPURI (M.P.)
Page 46



techniques for integrating them also exist. Even if the literature has produced many very effective

algorithms and methodologies, it is crucial to create, develop, and use new strategies under the

Heuristic Methods

Physics Social | [Music| [Swam | Chemistry Sport Mathematlc Hybrid
Based Based| |Based| |[Based| Based | Based Based | Based

| Wl;l;t;ll-t Memory |

Figure 4.4: Meta-Heuristic Methods

concept that emphasizes constant progress and the pursuit of excellence in the scientific domain.
Furthermore, new meta-heuristic methods are continuously being given since the algorithm that
yields the best outcomes for all issues yet been designed. The Current ones are proposed to function
more efficiently. Because of this understanding, researchers has effectively used novel meta-

heuristic approaches and brought them to the literature in recent years.

4.3.1 Algorithms for Socially Based Metaheuristic Optimization
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The literature contains a big number recently introduced social-based heuristic optimization
techniques. tabu search are algorithm is most widely used and well-known of them. Others have

been filed more recently [71].
4.3.2 Imperialist Competitor Algorithm

The Imperialist Competitor process (ICA) starts the process by generating an initial population,
just as analogous evolutionary algorithms. a couple of the leading nations in Bhopal, Maharashtra,
the individuals who remain after the initial population is selected to be imperialists become
imperialist colonies. The imperialist states divide up all of the specified territory. Following their
distribution among the imperialist governments, the colonies start to drift in direction the relevant
imperialists. Empires are only as strong as their imperialists and the areas they have been granted.
The algorithmic process is still under progress, with the race between the imperialists having
begun. Having failed to get stronger or achieve success, the imperialist will be wiped out from the
race. Strong empires gain power during the race, while weak kingdoms lose ground and eventually
collapse. The race goes on until there is only one empire left, at which point other nations become
colonies of the one that is still standing thanks to the algorithm. Territories and imperialists will
hold equal status and influence in the utopian society that emerges at the conclusion of the race

[72]. The algorithm's flow chart is displayed in Figure 4.5.
4.3.3 Educating Algorithms for Learning-Based Optimization

The (TLBO) method is another newly created meta-heuristic optimization method [73]. The TLBO
algorithm operates based on how a teacher affects the pupils in a classroom. The algorithm explains
the capacity instructors and students at a school teach and learn. Two fundamental elements of this

algorithm are the teacher and the pupil [74].

The population in the algorithm is the group of students, and the many subjects that are taught to
them are thought of as additional design factors for the optimization issue. The outcome of student
is most comparable the optimization problem's fitness value. For entire population, the teacher is
thought to be the best option. The optimal solution is represented by the best value of the fitness
function, and the terms used as design variables are displayed as the parameter included in the

fitness function of the given optimization issue. The two scenarios that make up the TLBO
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algorithm's functioning process are the teaching process and the learning process [75]. Within the
context of the teaching process, the teacher is widely seen as the key figure who imparts
information to the students. Students' responses reveal the quality the teacher. It has shown that
where pupils have excellent professors, both their circumstances and grades improve. Thus, the

Instructional Process.
4.3.4 Social-Emotional Optimization Algorithm

A novel social-based optimization method that mimics human behavior is called the Social-
Emotional Optimization Algorithm (SEOA) [77]. The human community is linked to the term
"social." The community's residents work to elevate their social standing. Every individual in
SEOA is a virtual person. People make behavioral decisions based the corresponding emotional
index at each stage [78]. There three categories the emotional index: low, medium, and high. The
emotional is used to determine which behavior is chosen. Depending on the intended behavior is
accurate, behavior. The person's emotional index rises if this decision raises the society status

value. If not, the social value declines as the emotional indexing decrease [79].
Algorithm 1 provides the stages in the SEOA procedure.

Algorithm The Social-Emotional Optimization Algorithm is explained in five steps:
1: Get going

2. Every person is created one after the other, and the problem space is randomly assigned to each

one of their starting places.

3. The goal function is used compute each person's fitness value.

4. j. Based the person's emotional index; their behavioral motions are ascertained.
5: The whole population's location is updated.

6: The emotional quotient is calculated.

7: best option is approved if termination requirement is satisfied. Step 2 returned if condition not

satisfied.
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8: Come to an end.
4.3.5 Brainstorming Optimization

In organizations that are generally acknowledged, brainstorming is a common method for fostering
creativity and encouraging innovative thinking. Osborn invented brainstorming for the first time
in the advertising company in 1939. Late in 1957, he organized this approach to problem-solving.
Applied Imagination approach [80,81]. Following then, brainstorming sparked a global interest in
academics and business. People from different ethnic backgrounds get together during the

brainstorming phase to work together and communicate in order to produce

/ itial Population & Termination Criterin. /
1

‘ Caleulating the mean of each design variable

‘ Determining the best solution ‘

Changing the solution according to the best solu-
tion Xnew = Xag + 7(Xreacher — SFiverage)

KXoww = Xag +
rox (X — X))

Termination
condition
met?

Final Value of
the Solution

Figure 4.6: Flow Chart Of TLBO Algorithm

fantastic concepts for resolving issues. Algorithm 2 provides the BFOA process stages that were

created using brainstorming as inspiration.
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Algorithm Six-step Brain Storming Optimization Algorithm explanation:

1: Get going

2: Individuals who might be possible solutions are produced.

3: There are n individuals m groups.

4: N people assessed.

5: Each cluster's members are ranked; the cluster's center is chosen from among the top members.
Sixth: A value 0 and one is produced at random.

Select a cluster center at random if value of a generated is smaller than the value of P5a.
i1 Create a fictitious person to represent selected cluster center.

7: Create new persons.

A value is created at random, ranging from 0 to 1.

Select a randomized set a with the probability P6 generated value is smaller than P6b.

i1 Produce a haphazard number between 0 and one.

ii1) Choose the cluster center and add a random number to create additional people if value is
smaller than the pre value of P6biii). iv. If not, select random person from cluster and combine

them with the value that was created at random to create new people.

¢ If not, choose two clusters at random to create new people.

I produce a random number.

i1 Choose two cluster centers, combine them, and add randomly produced value create additional
people if the produced value is smaller than predefined probability of Pé6c.

iii If not, two people are chosen at random from each cluster to merge, and the created value is

added to create new people.

PK UNIVERSITY SHIVPURI (M.P.)
Page 51



8: Proceed step 9 n new people are formed; otherwise, proceed step 7. 9: The predefined maximum

number repetitions have been achieved; proceed to step three if not. 10: Stop.
4.3.6 Algorithm for Group Leaders' Optimization

An evolutionary algorithm called the Optimization Algorithm (GLOA) was created inspiration
from impact of social group leaders. The issue space is split up into various groups, and a leader
is chosen for group [82]. Individuals in every group They don't have to similar characters can be
made at random. Each group mark its best member to the leader. Every iteration, members of each
group want to look like their leaders. The method establishes a solution space in this manner
between the group members and the leader. Following a few actions, it was noted this group
members top a leader-like appearance. One person is picked at random to promote variety within

the group. The variables the other members take the place of some its variables.

Furthermore, a cross over the operator aids in the group's arrival at the local min and a second
search of the solution can be conducted to boost variety [83]. Figure 4.7 shows stages that create

n groups P individuals and identify group leaders based on their suitability values.
4.3.7 Hierarchically Social Algorithm

social behaviors seen in variety of biological systems and human organizations serve as the basis
for the Hierarchical Social Algorithm (HSA). Applications of this meta-heuristic technique to
problems with infinite resources, like DFG, have shown success. crucial circuit computation and
timing [84]. Simultaneous optimization of the collection of appropriate solutions is the
fundamental concept of HSA. Every social group has a workable solution, and these groupings are
first dispersed at random to create distinct locations for the solutions. group uses development
tactics to compete their neighbors or raise the object function. In this instance, relevant social
rivalry and collaboration yield a superior outcome 20. Consequently, the goal solution is

maximized. The optimal answer is identified in a single group at the of the procedure [13].
4.3.8 Human Grouping Formation Algorithm

The (HGFA) is a modern social-based meta-heuristic optimization algorithm that actions of both

out-group members and in-group members who strive to stay as close to their groups as possible.

PK UNIVERSITY SHIVPURI (M.P.)
Page 52



GroupHeads .

(?J'Urz, (';'l'ru}.\;

Y
i)
|
y
i
Glroyp Ghroyps

& Usery A Y Usery & Usery & User,
a Usery - Usery & Usery & Usery
. User T . . T iz . T .

Tser; User: U ser: User:
- U i e - U - U
o . o .
: H : H
6 Usern P .  (Userny & Usern 6 Usern

Figure 4.7: Group Leaders Optimization Algorithm

social safety among members of the outgroup [85]. In order characterize human social category,
sociologists have the group and out-group condition. Members of in-group are people that the

group accepts as
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Figure 4.8: Human Group Formation Algorithm

which they are part of. People who identify as belonging to a group acquire that group identity and
see themselves as distinct from other groups. They believe their group is better than other groups.

Because of this, even while they apart from the group, members the group make every effort to
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keep group together [86]. It demonstrates how the ideas presented in Figure 4.8 are translated into

practical uses.
4.3.9 Social Based Algorithm

An Imperialist Competitor Algorithm-based socio-political process and an evolutionary algorithm
are combined to create a new algorithm known as a Social Based Algorithm (SBA). Individuals
reside in several kinds of communities: Republic, Autocracy, Monarchy, and international.
Additionally, every town has a unique style of leadership. This strategy aims to include a small
number of individuals in the characteristic of community development [87]. The phases in the

SBA procedure are given in Algorithm 3.

4.4 Social Theory: Outcome Analysis of Benchmark Community Detection

Algorithm

Performance evaluation have been done across six distinct graphical media data is sets, including
Word adjacencies, rs Zachary Karate [50], Dolphin media, and others, to determine discovery

algorithms. Les Misérables, American college football, US politics books, and network [51]
Algorithm 7 A Step-by-Step Guide to Social Based Algorithms

1: Launch

2: Importing the settings

3. Identifying the optimization issue and creating a random population

(c) Choosing a small group of powerful people at random to be leaders; (d) assigning the other
people to various regions at random; (e) establishing empires using the imperialist cost function

T.Pci;

(f) Choosing charismatic leaders to rule like empires,

4: Ten circles Nd is equal Nd+1.
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S:foreachandi=1, 2,. 3.., N, select (a), cross (b), mutation (c), and replacement (d).

6:1=1,2,3.4., N (a) leaders of group are relocated their empire as part the program of human

assimilation. (i) x U (0, internal x d) (ii) d: distance between and imperialist

People's Revolution (b) Assimilation Policies of Nations: Each group's leaders settle into their
empires, and each nation's citizens follow suit (i) x U (0, coefficient assimilation x) (ii) d: Distance

between leader, imperialist.
(d) The national revolution

(f) imperialist racer; selecting the weak nation from the pure empire and awarding it to empire

most likely possess it (e) shifting the site

(g) Elimination; the abolition of empire and the powerless principle

7: Veritying the termination requirement and continuing from steps 4 through 7 until it is satisfied.
8: Come to an end.

[52] over normalized information and modularity assessment parameters. Modularity is a
structural metric for networks that assesses how well a subgraph (groups, clusters, or communities)

inside a network extracts its community structure.

[53]. In a net, clusters nodes with more modularity are comparatively dense with one another,

which causes communities to emerge in that network as follows:
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Whete e, represents the edge from node x to node y, I, represent the summation
of the weights of the edges linked to node x, c, is the helonging community structure
of node x,(c; , ¢, ) is a probabilistic function that equals to 1 if both the respective
node x and y belong to same community structure, otherwise 0. fil represent the edge
in community i and F! is the belonging probability of random edge to community i
that attached to vertices in community i.

Whereas, Normalized mutual information is a normalization of intra-community

mutual information score to scale the similarity between intra community node as;

_ 0 node are totally dissimilar .
nii(z, ¢) = (4.2)
1 node are totally similar

and mutual information is calculated as

_ 2xi(z,¢;) {
nmi(z,¢) = 0 (4.3)

where the class label is denoted by x, the community structure by c, the entropy bye, and the
information gain for element ci for class label x is represented by i(x;c).Benchmark community

detection algorithm's performance assessment using and

Tables 4.1 and 4.2 present Modularity and Normalized Mutual information, respectively, without
social theories. The integration of social theories with the community detection algorithm results
in a considerable improvement of both assessment parameters. SO, GLOA, HSA, HGFA, SBA,
SEOA, ICA, and TLBO community recognition algorithms yield around 33.26%, 30.76%,
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41.95%, 43.05%, 43.14%, 53.13%, 43.02%, and 51.37% modularity, as well as 72.11%, 86.18%,
71.53%, 82.43%, 81.02%, and 86.51%,

Table 4.1: Comparative Analysis of Impact of Social theory on Modularity

(lassification Modularity

Technique IKC ~ [ACF  |DCN  [BUP  |LM | WA
BSO (.3326 0.6213 0.4844 0.5674 0.5105 0.3611
GLOA 0.3076 0.5947 0.4597 0.5175 0.5098 (.3492
HSA 04195 0.5929 0.5981 0.5601 0.5861 0.3030
HGFA 0.4305 0.7203 0.5744 0.6768 0, ()[)7‘ 0.3532
SBA 04314 0.6014 (.5655 0.6157 0.607 0.4187
SEOA 0.5313 0.6107 0.6610 0.6151 0, ()121 04118
ICA 0.4302 0.7211 0.6179 0.6714 0.6122 0.4192
TLBO 0.5137 0.6204 0.6196 0.7119 0.6217 0.5103

Table 4.2: Comparative Analysis of Impact of Social theorv on Normalized Mutual

Information

(Classification Normalized Mutual Information

Technique ZKC ] ACF | DCN [ BUP ‘ LM ‘ WA
BSO 07212 105025 [ 0.5345 | 0.4225 03107 (.3915
GLOA 0.8611 0.6107 | 0.6227 | 0.5209 0.3254 0.3927
HSA (L8118 0.8628 0.7937 (.5261 0.4255 0.3284
HGFA 07153 ] 0.6221 0.5755 | 0.5253 0.4156 0.4582
SBA 0.8243 | 0.7431 0.7941 (.5143 04173 0.4301
SEOA 08102 | 0.8233 [ 0.7162 | 0.6955 (.5253 (.5822
ICA 0.8651 0.6324 | 0.5861 0.5712 04128 0.4268
TLBO 0.8624 0.7823 0.7152 0.5251 0.4462 0.6122
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Figure 4.9: Modularity of Community Detection Over ZKC Data Set

Figures 4.9 and 4.10 display, respectively, 86.24% NMI over ZKC data sets. The maximum NMI
information is achieved by the TLBO and ICA algorithms, but the SEOA method leads in

modularity.

According to figures 4.11 and 4.12, the community detection algorithms BSO, GLOA, HSA,
HGFA, SBA, SEOA, ICA, and TLBO gain approximately 62.13%, 59.47%, 59.29%, 72.03%,
60.14%, 61.07%, 72.11%, and 62.04% modularity over the AFC data set, while the NMI increases
by 50.25%, 61.07%, 86.28%, 62.21%, 74.31%, 82.33%, 63.24%, and 78.23%, respectively. The
highest NMI information is achieved by the SEOA and HSA algorithms, while the ICA algorithm
leads in modularity. On the other hand, as illustrated in figures 4.13 and 4.14, the community
detection algorithms BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO gain
approximately 48.44%, 45.97%, 59.81%, 57.44%, 56.55%, 66.10%, 61.79%, and 61.96%
modularity and 53.45%, 62.27%, 79.37%, 57.55%, 79.41%, 71.62%, 58.61%, and 71.52% NMI,
respectively, over the DCN data set. The highest NMI information is achieved by the SBA and
HSA algorithms, but the SEOA algorithm leads in modularity.
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Figure 4.10: Normalized Mutual Information of Community Detection Over ZKC Data
Set
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Figure 4.11: Modularity of Community Detection Over AFC Data Set
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Figure 4.12: Normalized Mutual Information of Community Detection Over AFC Data
Set
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Figure 4.13: Modularity of Community Detection Over DCN Data Set
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Figure 4.14: Normalized Mutual Information of Community Detection Over DCN Data

Set.

GLOA, HSA, HGFA, SBA, SEOA, ICA, TLBO, and other community discovery algorithms over
the BUP data set yield around 56.74%, 51.75%, 56.01%, 67.68%, 61.57%, 61.51%, 67.14%, and
71.19% modularity, while 42.25%, 52.09%, 52.61%, and 52.53%, The NMI is 51.43%, 69.55%,
57.12%, and 52.51%, respectively, as Figures 4.15 and 4.16 illustrate.

The maximum NMI information is achieved by the SEOA algorithm, whereas the TLBO method
leads in modularity. Over the LM data set, however, as illustrated in figures 4.17 and 4.18, the
community detection algorithms BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO gain
approximately 51.05%, 50.98%, 58.61%, 60.79%, 60.71%, 61.21%, 61.22%, and 62.17%
modularity and 42.25%, 52.09%, 52.61%, 52.53%, 51.43%, 69.55%, 57.12%, and 52.51% NMI,,

respectively.

The maximum NMI information is achieved by the SEOA algorithm, whereas the TLBO method
leads in modularity. On the other hand, as figure 4.19 and 4.20 illustrate, the community detection
algorithms BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO gain approximately 36.11%,
34.92%, 30.30%, 35.32%, 41.87%, 41.18%, 41.92%, and 51.03% modularity and 39.15%,
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39.27%, 32.84%, 45.82%, 43.01%, 58.22%, 42.68%, and 51.22% NMI, respectively, over the WA

data set.
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Figure 4.15: Modularity of Community Detection Over BUP Data Set
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Figure 4.16: Normalized Mutual Information of Community Detection Over BUP Data
Set
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Figure 4.17: Modularity of Community Detection Over LM Data Set
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Figure 4.18: Normalized Mutual Information of Community Detection Over LM Data
Set
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Figure 4.19: Modularity of Community Detection Over WA Data Set

The maximum NMI information is achieved by the SEOA algorithm, whereas the TLBO method
leads in modularity. The efficacy of the BSO, GLOA, HSA, and HGFA community detection
algorithms Network density affects SBA, SEOA, ICA, and TLBO over social media data sets. It
achieves comparatively lower over weakly packed WA data set, greater performance rate, and

more dense ACF network.

This part attempts to address community discovery that coincides with a technique that hasn't been
used previously and give a thorough assessment on overlapping community structure on social

networks, which is commonly experienced in everyday life.

The findings of the investigations and analyses indicate that the methods created to identify
overlapping communities in social networks address this issue by focusing on a single goal. This
article also provides a comparative examination of six distinct social media-based data sets using
meta-heuristic overlapping community recognition techniques. This part examined how the
performance rates of the community detection algorithms BSO, GLOA, HSA, HGFA, SBA,
SEOA, ICA, and TLBO varied with the density of the social media data set. It was found that the
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algorithms attain greater performance rates in dense ACF networks and comparatively lower rates

in weakly packed WA data sets.

0.35 F 1
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Figure 4.20: Normalized Mutual Information of Community Detection Over WA Data
Set

TLBO and ICA are able to extract a more informative community from a denser network than

before. In addition, the less dense networks produce superior outcomes for SEOA and HSA.
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Chapter 5
Parliamentary Optimization Framework with Multi-Purpose

Functions for Social Media Community Detection

5.1 Introduction

The (WWW) exists to give users access to information via websites. Users passive and this
presentation one-way on Web 1.0 sites. Some engaged users create and distribute content on Web
two.0 sites. Web 2.0 resources that make use Social media refers to platforms for social interaction.
Users exchange and discuss their experiences and expertise in these contexts via social sites, blogs,
wikis, and discussion boards [13, 88]. Participation, transparency, dialogue, community, and
connectedness are some the common characteristics social media [14, 15]. Social networking are
online resources that users interact other users inside a certain system and set up profiles. Their
profile presentation shows how interact with other users (friends, fans, and followers, for
example); it facilitates meeting new people and facilitating conversations with them. Because of
the development of virtual communities on these platforms, user performances serve as the
foundation for mobility and engagement, which promotes the spread of knowledge. People's
efforts to express selves in social networks portray themselves, arouse interest about lives of
others, and share motives emerge in all spheres daily life [15-17, 54].Findings from studies on
overlapping communities [19, 21, 22] issue in social networking, it have been observed that many
the algorithms created earlier for community detection use single purpose to tackle this issue.
Simultaneously, a number of recently identified and introduced social-based algorithms have been
identified [23, 24, 38, 89]. Parliamentary Optimization (POA) [89] is one these algorithms.
Parliamentary elections are simulated by POA [90]. The algorithm's optimization procedure starts
with the generation of individual population. These people are regarded as members of
parliamentary. The population then divided up among several political parties, and a number of
exceptionally qualified individuals are chosen to run for office. Following the orientation , the
candidate leading group members are recalculated, with the primary members of group moving
in the direction of candidate members. The groups' strengths are determined using the computed

new candidates , principal members. In order to prevent their strength from diminishing, strong
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groups band together, while weaker groupings are eliminated. The population's best individual are
solution the optimization issue is accepted when the algorithm's termination condition are satisfied.
Within the parameters of this study project, the recently presented POA was employed. This
particular process has nevertheless been applied to the issue overlapping community finding
social networks before. Using both single and multipurpose functions, community member be
included another district using the method that is being employed for the 1 time in this study to

find communities that are overlap social networks [38].

The development a new technique allowed social networks to be modular by utilizing a single-
purpose component. A fictitious dataset has been used test the proposed methodology.
Subsequently, an algorithm designed for one purpose was modified to serve several purposes by
incorporating a new goal function to maximize internal density inside network communities. Thus,

the first solution for the constructed by combining POA and multifunctional optimization.
5.2 Parliamentary Optimizations Algorithm (POA)

Parliamentarism is another name for the legislative branch of government that creates and enforces
laws. In general elections, the public chooses the members of Parliament. Voting for one's favorite
party is common. Legislative members who are In parliamentary elections, party members back
their respective organizations. In the rivalry between parties, parliamentary groups of members
based the party to which they belong aim to surpass other parties. Political parties make up the
parliamentary area population in nearly all democracies. Parliamentary elections held under two
different systems: proportional representation and majority election. In balanced representation
system, many members may chosen from a single constituency, but each constituency. Voters can
select which political parties support once each political party has presented its slate of candidates.
Parliamentary seats are awarded to parties based on percentage of votes they get [91]. Different

political party members, whether they are in or out of parliament, value power differently.

With little influence, these party members try to leave a positive impression other honorable
members. This go to this length to win their approval and votes in next elections. Important party
members participate in races look for support from the nobles. However, Noble members vote for
they trust and are often more resourceful. High capacity general arti are swapped out for prior
candidates throughout this procedure. Individuals inside the party compete in this portion of the
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contest. There is another algorithmic race going on between the parties. Parties want to gain more
authority. Obtaining the most members in the legislature and seizing power are the two primary
goals of a successful party [91].The first phase in the optimization of Parliamentary Optimization
(POA) is to create the starting counting of people. The people that are produced are regarded as
parliamentarians. The following stage involves splitting the population up into political parties,
after which the candidate with the best fitness for each of the predetermined number member
groups is taken into consideration. The in grouping competition begins after this stage. The leading
approach the candidate who are a good fit for them during the ingroup competition phase. This
scenario is represented by the weighted average primary vectors. candidates [91], as displayed in
the POA chart, which is provided in figure 5.1. Several individuals with highest qualification
chosen as final candidates is select each group at the conclusion of the group competition process.
The next action, the final candidates face off against those from other groups. The group's principal
and potential members are crucial in establishing the group's overall influence. Group competition
begins after intra-group process competition phase. Parliamentary political parties with one two

another to support their nominees.

In order improve their odds of success, strong groups occasionally come together and form one

cohesive entity. Algorithm 1 illustrates the POA process phases.

Algorithm 8: Parliamentary Optimization Algorithm (POA) step-by-step explanation:
1: Get going

2: Create the first population.

3. (a) There are M groups made up of L people in the population.

(b) The most physically fit person is chosen as the group's candidate.

(c) Fourth in-group competition:

4. (a) Prominent members approach each group's candidate members.

(b) Appointing new candidates.

(c) Determine each group's power.
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5: Group competition

1. The most powerful group is identified, and PM probability is applied to these groupings.
2. Pd, the weakest group, will probably be eliminated.

6: Step 3 repeated if termination condition not satisfied.

7: The optimal choice is thought to be the answer to the optimization issue.

8: Come to an end.
5.2.1 Population Initiation

The d-dimensional issue space is traversed by the N dimension in it solution population at random
points. Equation 5.1 shows how d-dimensional continuous are vector is used to code each member

of the population.

m = [ml, m2,...., mn] ,mi g IR .1

Every person is the primary member or contender of the designated group. Strengths of individuals

are computed based the established fitness function.
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The population is divided into M groups of L indi-
viduals each. The @ individuals with the highest fit-
ness are determined as the candidate of the group.

In-Group Competition — @

®
Table 5.1
Values of Figure 5.1: Flowchart of Parliamentary Optimization Algorithm
variables in
equation 2
(A) ClI (B)C2 B) C3
(C) Ca Cs D.) C6

Table 5.1 Values of parameters in the intra-group competition step

(E) Cl (B)C2 (F) C3
(G) C4 C5 (H) C6
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Figure 5.2: Segmentation of the population

5.2.2 Population Segmentation

The population split into as M groups L people to create initial groupings.
N=M-L (5.2).

N is same as in Equation 5.2, where the positive integers M, L, and N are. superior fidelity ® <L.
Three people are selected to be the groups' candidates. Every group in this algorithmic phase has
the same number members. Because of the merger , collapse process, groups may get varying
amounts of persons during the algorithm's execution. The split of initial population to three groups
five candidates each is depicted in Figure 5.2. The group's candidates are shown figure 5.2 as solid

blue symbols.
5.2.3 In-Group Competition

Following the exchange of members between the leading and candidate groups, the primary
members of group move in the direction of candidates. The vectors linking a member the

orienting process have weighted averages that are precisely proportionate to
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1y

my

Figure 5.3: Orientation Mechanism

shown in Lquation 5.3.

; Si_g (mi — my) .f () :
m = mg 5.4
+ n( ST F (my) ) (5.3)

finalists. To improve each candidate's candidacy eligibility, each one is weighted accordingly
m’' =m0 +n

n is random number in formula that ranges from 0.51 to 1, enabling algorithm to look for
candidates in local are search space. Only in cases when there is high fitness value a primary
member replaced. Following the referral procedure, the highest level of fitness members is more
than number of potential members. The method for orienting is shown Figure 5.3. While mi is
candidate member, m0 is full member. The new leading member position is denoted by m'.The
community-based applicants' eligibility value vector evi = {eci,l, evi,2,..., evi,\\} and the

candidates' eligibility value ; evc i = {evc 1,0+1, evc i,\+2,..., evc i,L
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i. Equation 5.4 is used to determine the group's strength, which includes the key members.

Strengthi= m.Avg(evi)tn.Avg(evi®) ;m>=n

M-+n
5.2.4 Competition between Groups

In order to get stronger, strong groups occasionally come together. To complete the merging,
random number is created; if number is smaller than pm, group with highest A number the more
influential and is merged into it. In order to preserve the power and lower the value function, the
algorithm eliminates the weaker groupings. The two organizations' merging is depicted in Figure
5.4. Similar to combining, groups with minimal power y are discarded if the resulting random

number smaller than PD [92].
5.2.5 Termination of the situation

A group emerges victorious from process, and optimal member of group is deemed the answer
to optimization issue. There two instances of dismissal: When the highest number iterations is
reached, the algorithm ended. attained or if, after a successful repetition, no discernible increase

in fitness value seen [92].

5.3 Detection of Multi-Purpose Overlapping Communities With POA
(MPPOA)

Objective function are crucial in optimization issues since they allow POA to be utilized for
different purposes. Numerous aim functions, particularly for community finding, have been
proposed. If it is agreed that G (V, E) a non-directional chart with m = [E| and n = |V | occurs. The
group's set nodes is denoted by S, while set's size is indicated by k. The number sides in set S

given by k = [S|.

I1=|In {(u, v):ueS, veS}, The number of edges inside the set S's bounds is denoted by cS. ¢S is
equal to | {(u, v): ue S, v /€ S} | d(u) represents node d's degree. Below are some objective

functions that, when used with the provided definitions, quantify a cluster's quality notion [93].
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Conductance: A measure that determines the total number of linkages that leave the cluster.
f(S)=cS/2.1 +cS (5.9).
1 Expansion: Provides the mean quantity of external connections for every cluster node.

£(S)=cS/k (5.6)

Q0000
00000

& 00000

Q0000

00
00
00
00

Figure 5.4: Joining Of Group

0000
0000
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1 Internal Density: The density of the cluster's internal links is represented by S.
f(S)=1-1/k(k-1)/2 (5.7
Cut Radio -The percentage of all potential connections departing the cluster is known as .
f(S)=1-cS/k(n—k) (5.8)
1 Standardized Cut: f(S)=cS/2.1+cS+cS/2.(m—1)+cS (5.9)

Maximum — ODF: This represents the proportion of external to internal links for every cluster S

node.

Maximumu € S |{(u, v): u/€ S}|/d (u) 5.10
Average — ODF The average ratio of nodes outside the cluster's connections is represented by T .
f(S)=1kXueS|{(u,v):u/eS}/d(u) (5.11)

1 Flake ODF: This is the proportion of S cluster nodes that has fewer connections outside of

cluster than inside of it.

f(S)=\{u:ueS,\{(u,v):veS}|<d(u)/2}|/k (
5.12)

As was indicated in the preceding section, the creation initial population marks the beginning of

POA. The people in this demographic are regarded as members of parliament.

Those born in the range of 0 to 1 (I1, 12,..., Im) make up the starting population. In Figure 5.5,

initial population is expressed.

The entire number nodes the network is represented by matrix as k. The population split in M
groups L people each in this stage. At this point, the group's candidates were chosen using a

multipurpose technique. Among the goals .

modularity in network serves as a function. A method for identifying overlapping communities
has been proposed: expanded modularity [23]. The network's modularity enables the measurement

of the caliber of individual segments. compares the distribution links throughout the network to
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determine the strength the network. Equation 5.13 provides the value extended modularity

(ModE).

Cl CZ Cn
I, €y 853 == A x g1 D g2~ A1 A [n-DE]™"" ) nk
I, Q1G> ===~ Qs  Aype1 Q) pyd === Ay Dp-DEk]I™""" U ;b
I3 -
I, -
Im A1 Oma —— Ak Vi1 Vg2 ===" Ay 2k Doy 3 4

Figure 5.5: Representation of the initial population

1 1
E :
Mod™ = TRy e 2 EL ECT , jECT Cr O

d' d’
2 x [

A

The number ensembles to node v belonging is indicated by the equation Cni, and the element the
network's neighbor matrix is represented by Ai,j. If there a link bet the i, j nodes, the value of Ai,j

is 1; if not, deal 0. di is the node's degree.

P e the network, and i is their sum. Research have shown robust community structures are indicated
by a high modularity score. It is therefore anticipated that in this multi-purpose research, the Mod

E value would reach its maximum value. This algorithmic step also employs the internal density
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criteria found in Equation 5.7 as an objective function. One needs to extract a little value from the

provided equation.

obj (x) =1/€n(€e-1)/2 ( 5.14)
where Pn represents all of the network's nodes. At this POA stage, a multifunctional

Equation 5.15 presents a strategy that combines two objective functions to select the group's

candidates.
Cost = a.ModE + (1 — a) .obj (x) (5.15)

One the goals is highlighted by using value of an as an input value. As candidates the groups,
those with a high cost value the equation admitted. The group's permanent members to candidate
members the group competition phase. Equation 3 states that following the orientation , the
candidate key group members are once more identified, and Equation 5.4 determines the group's
power. Strong groups merge into one group strengthen them after intra-group competition round.
The termination requirement is satisfied if there isn't a discernible rise in algorithm steps. A group
emerges victorious from the algorithm, and the top individual inside that group deemed the answer

overlapping community finding problem.
5.4 Detailed Examination of the Presented Algorithm

This study presents a multipurpose approach to community discovery using POA, and it tests the
algorithm's experimental outcomes on various datasets. POA was conducted with a specific goal
in mind [92]. In this section of the research, the Programs with a single objective and multipurpose
approaches were developed in the Python environment and used to both synthetic and actual

network data.

5.4.1 Single-Use Community Discovery on Artificial Dataset with POA

First and foremost, the data representation for the single-purpose research that presented was

decided. Figure 5.5 shows the type data representation for the multi-purpose
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2
Figure 5.6: A typical network structure

technique is also used to the approach with a single aim. First, the artificial network that was
constructed was used to assess the study's effectiveness. The purpose of the project was to gauge
POA's capacity for community discovery. A synthetic network made of 13 connections and 9
nodes is shown figure 5.6. First, the initial population in figure 5.7 was generated the algorithm's
first stage. Python environment produced these values. Three groups of ten people each comprise
the initial population that is created. In this instance, table 5.1 indicates the significance of
variables Equation 5.2.The original population generated for the single-objective method is shown

Figure 5.7.

5.13: Using an enhanced modularity formula, the distributions the network's connections are
computed to determine network's strength. The top three applicants among the determined

eligibility values admitted as group members. The

Group competition commences after intragroup competition phase. The strongest A = 2 are
merged at Pm = 31% or eliminated at Pd ,1% in this stage. Go back to intragroup competition

phase if groups decide not to unite. These procedures keep on until all parties are on the same
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page or the best possible resolution to the issue has been found. Following the combination of the
groups, table 5.5 displays the individual eligibility values. The greatest value the table
acknowledged as the answer to multipurpose overlapping are community discovery problem, as

specified in the POA's termination condition.

Based on table, the first person is regarded as the problem's answer since he is the most fit. Figure

5.7 lists the communities that the POA the synth data set discovered.

Communityl Community 2

L |042 | 015 | 030 | 046 | 057 | 064 | 094 | 046 | 022 0.78 | 0.81 078 | 064 | 080 | 038 036 | 033 0.21
I |036)| 016 | 018 | 056 | 059 | 045 | 095 | 041 | 019 | 073 | O8O0 | 078 | 057 | O78 | 028 | 046 | 045 | 039
I |041 )| 018 | 026 | 052 | 057 | 057 | 093 | 046 | 022 | 075 | O8O0 | 079 | 061 | 076 | 036 | 042 | 038 | 028
I |040 ) 018 | 026 | 052 | 057 | 057 | 093 | 046 | 022 | 075 | OB1 | 079 | 060 | 075 | 037 | 043 | 037 | 029

= | 042 | 023 | 028 | 055 | 055 | 059 | 091 | 051 | 025 | 070 | 081 | 079 | 059 | 068 | 039 | 047 | 042 | 030
Is | 042 ) 016 | 025 | 050 | 059 | 057 | 093 | 045 | 021 | 076 | O8] | 079 | 062 | 078 | 035 | 040 | 037 | 026
I, |041 | 017 | 026 | 051 | 058 | 057 | 093 | 046 | 021 | 075 | O8O0 | 078 | 061 | 076 | 035 | 042 | 038 | 028
I; 043 ) 020 | 026 | 052 | 058 | 059 | 091 049 | 022 073 | 081 080 | 060 | 073 037 | 044 | 038 | 028
I, |041 )| 017 | 026 | 052 | 057 | 057 | 092 046 | 022 0.74 | 081 079 | 061 | 075 036 | 042 | 038 | 028

0.75

Iy, | 041 | 0,18 | 025 | 052 | 0.57 | 058 | 093 | 046 | 021 .75 | 081 [ 079 | 061 | 076 | 035 | 042 | 038 [ 028
I | 042) 029 | 042 | 042 | 065 | 036 | 079 | 040 | 024 | 063 | 0.70 | 066 | 048 | 0.64 | 040 | 046 | 040 | 041
Iy | 043 )| 030 | 041 | 040 | 061 | 057 | 080 | 042 | 026 | 060 | 072 | 067 | 051 | 063 | 042 | 043 | 042 | 037
L, | 041 ) 031 | 043 | 039 | 056 | 057 | 078 | 042 | 032 | 0.60 | 068 | 0.72 | 050 | 060 | 042 | 048 | 038 | 0.37
L | 042 ) 033 | 039 | 041 | 061 | 056 | 0.80 | 042 | 027 | 059 | 0.74 | 067 | 054 | 064 | 043 | 043 | 045 | 037
L: | 041 ) 033 | 041 | 040 | 060 | 056 | 078 | 043 | 0.28 | 060 | 0.,72 | 067 | 052 | 064 | 044 | 044 | 043 | 040
iz | 042 ]| 031 | 041 | 041 | 061 | 056 | 0.79 | 042 | 0.27 | 0.60 | 0.72 | 068 | 052 | 064 | 042 | 044 | 042 | 039
Li- | 042 ] 032 | 040 | 041 | 061 | 057 | 0.79 | 041 | 026 | 0.60 | 0.72 | 067 | 052 | 064 | 042 | 044 | 042 | 0.39
Djg | 042 ) 031 | 041 | 041 | 061 | 056 | 0.79 | 042 | 027 | 061 | 0.72 | 067 | 052 | 063 | 043 | 044 | 042 | 039
o | 043 )| 031 | 040 | 041 | 061 | 057 | 081 | 041 | 028 | 061 | 073 | 068 | 052 | 063 | 042 | 044 | 042 | 038
Lg | 041 | 032 | 041 | 041 | 062 | 056 | 079 | 041 | 026 | 060 | 073 | 067 | 052 | 065 | 043 | 044 | 043 | 040
I; | 043 )| 028 | 037 | 050 | 049 | 055 | 0.76 | 652 | 030 | 0.68 | 0.72 | 076 | 052 | 064 | 031 | 034 | 044 | 0.39
I | 044 031 | 037 | 046 | 047 | 057 | 077 | 051 | 034 | 069 | 0.74 | 076 | 053 | 064 | 034 | 034 | 042 | 035
Ly | 043 )| 029 | 037 | 049 | 050 | 054 | 0.75 | 652 | 031 | 069 | 0,73 | 0.76 | 052 | 064 | 032 | 035 | 043 | 0.39
Ly | 043 | 028 | 037 | 049 | 050 | 055 | 075 | 652 | 031 | 069 | 0.73 | 075 | 052 | 064 | 032 | 035 | 043 | 0.34
Ls | 042 | 029 | 036 | 049 | 050 | 055 | 075 | 651 | 031 | 069 | 0.73 | 074 | 052 | 064 | 031 | 034 | 044 | 0.39
Le| 043 )| 027 | 037 | 050 | 052 | 053 | 074 | 052 | 029 | 068 | 0.73 | 076 | 050 | 064 | 032 | 035 | 044 | 042
Ly | 043 ]| 029 | 037 | 049 | 050 | 054 | 075 | 052 | 031 | 068 | 073 | 076 | 05 | 064 | 032 | 034 | 043 | 0.39
DLy | 043 ]| 029 | 037 | 049 | 0.50 | 0.55 052 | 031 | 068 | 073 | 076 | 052 | 064 | 032 | 035 | 043 | 039
e | 043 | 028 | 037 | 049 | 0.50 | 0.54 051 | 031 | 069 | 073 | 075 | 052 | 064 [ 032 | 035 | 044 | 0.39
Ig | 044 030 | 037 | 048 | 049 | 035 053 | 032 | 069 | 074 | 0,76 | 052 | 0,63 | 033 | 035 | 042 | 0,37

olole
] | |
Lo LU L)

The values shown in the table that are bolded are acceptable choices for the groupings. Equation
5.3 states that when additional group members approach group candidate, new candidates is
chosen. Following the selection of new candidates, each group's strengths were computed, and

the results are shown 5.4.
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Table 5.3: Eligibility values of Individuals in Groups of the Artificial Data Set.

Group 1 Group 2 Group 3

T FEV# |1 EV |1 EV

I, 1.96 | I,1 | 1.53 | [21 | 1.05
I 1.50 | 112 | .80 1,2 ] .21

I 1.38 | 1,3 | .86 1,3 | .67

Iy 2.00 | 14 | .65 I4 | .97

Iy 2.71 | 15| 2.07 | 1,5 | 1.36
Is 290 | L6 | .86 1,6 | 2.40
17 228 | 117 | .26 1270

Ig 1.50 | L& | .42 1,8 | 1.11
Iy .61 L9 | 2.07 | 1,9 | 1.25
1,0 | .61 150 ] 2.01 | 730 | 1.28
@ Individuals; # Eligibility values

Table 5.4: Strengths of the Groups in the synthetic dataset

Groups | Strengths of the Groups
1. 2.26
Z. 1.57
3. 1.41

Table 5.5: Individual Eligibility values in the Artificial Data Set
I EV# |1 EV 1 EV
I 4.63 | 11| 1.563 | 1,1 | 1.36
7. | 3.78 | 12 | 2.07 | 722 | 1.28
I, |3.78 | 1,3 | .01 |3 | 111
1y 3.78 | [14 | 2.07 | [24 | 1.36
I 2.71 5] 3.38 | 1,5 | 1.36
I 4.63 | [1G | 2.07 | 1.6 | 2.40
I 3.78 | Ii7 | 2.07 | I,7 | 1.11
Is 3.78 | 18 | 1.03 | .8 | 1.36
To | 3.78 [ L9 | 2.07 | 1,9 | 1.36
1,0 | 3.78 | I,0 | 3.38 | 130 | 1.11

© Individuals; # Eligibility values

Figure 5.8: Communities found by POA for synthetic dataset
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Table 5.6: The communities found for the synthetic dataset.

Communities | Nodes
1 128456
2 5,6,7,8,9

Figure 5.9: Artificial Network created in Pajek Environment

Figure 5.8: POA locates communities for synthetic dataset

Two groups have been discovered by the procedure shown Figure 5.8. Nodes 5,6 overlap and are
part of two clusters. Table 5.6 lists the communities that the nodes are a part of. Overlapping knots

are represented by nodes in bold.

5.4.2 Multifunctional Community Overlap Finding with POA on Synthetic
Dataset

An artificial network that was constructed was used to examine the effectiveness of the
multipurpose research that was given. The purpose of the project was to gauge POA's capacity for
community discovery. A synthetic network with nine nodes and thirteen links is seen in figure 5.9.
The algorithm's initial stage was creating the beginning population listed in Table 5.7. The Python
environment produced these values. As seen in figure 5.10, the first population generated is split
into three groups of ten individuals each. Every member of the group had their fitness values
computed using the formula found in Equation 5.15. The top three applicants from the determined

eligibility values are admitted into the group. Table 5.7 provides the individual fitness vl for each
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group. The values shown in the table that are bolded are acceptable choices for the groupings.
Equation 3 states that when additional group members approach the group candidate, new

candidates are chosen. Following the selection of the new contenders, the

Community 1 | Community 2
L [ 028 (049 034|078 036|073 038|078 067|048 |074|064|075)045)056| 04606003
L [ 043 (074 003|094 076 05 |013 049|051 (099|085 |09 |067)040)093|047|023|039
L | 0401058 034|078 060065063 (050 (043|044 069065078 051067044053 (029
I [ 043 (045 025|055 (041 | 069|038 055|047 040|061 (076|064 047059058 ]044]055
L [ 037052 038 (072|044 074|061 060052 053 ({079 (070 |061)057)084)044]048]|038
I (020046 (013 | 061 |030 077|053 |046)042 041 |065]052|049]0357|065[032]|045](042
L [ 004004 009|059 024 084 085096048 |022|022|053|076)034)046/|063|091]0.16
I [ 041059 024|075 (042053052066 )051|060|082]079)053)041)054|046]|034]041
I (046058 022|053 044|078 036|061 068 |036)073)079|058)038]076]05 |050]057
Iy [ 019075034041 |015)081 062073 (080|006 (095 ([049)075(074]083|015]045 061
Iy | 032042 044|042 (032|034 |063 046065040 (054|064 |028]073|072]049]067 057
Ly [ 037031060044 |044)036]056 070 (065|049 [035[0535]020({087]075/066]072]|060
Ly [ 040 1000054020021 032009 |074[074|054[033[083]055([09]089|035]054]|034
Ly [ 039048 | 063040 ]055)025]05 061 [066|030 |05 [066)026(067)063|050]04% 060
L; 100505901608 |016]050]09 |035/([004]021 [039([033]022{093 068|096 |043 |09
Ly [ 019|042 064|044 059|049 065|056 [066|029(035(048)037(08|065/052]068 |030
Ip | 051]029 065|058 037|039 051057067021 ]054]065/|030]077|074]|061|064]05
Ly (0380421095057 084027062058 (096|008 |050(052]009(09 |088|043]078|014
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Ly [ 036045057032 027 034070059 (047|052 045(052)067(053]040|045)043 | 046
Ly | 059052 052|024 (015|057 (070|052 (058|043 054 |046|072[032|038|063 (053032
Ly 0511030 065013022039 084048 [063]058 |051[062)043[057]029|065]043|049
Li | 0501057051 )016|015]053|079 068 (05 |068 047 (065]044(038]036|072]061 |04l
Ly | 015|084 078|027 (022|032 |082|082 (057|037 |028|069|079[044 044|046 (027|067
Ly | 057056 | 061|021 |035|037|058|052([049)056 |033|060|065|061|027|064)064|049
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Figure 5.10: Multi-objective Algorithm's Initial Population Creation
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Table 5.7: Eligibility values of Individuals in Groups in Artificial Data Set for Multi-
purpose Approach

L.Group 2.Group 3.Group
® JEV#F]|I EV |1 EV

1 3.13 | I11 | 147 | .1 | 1.65
1, 3.45 | £12 | 1.10 | 1.2 | 2.89
Iy 1.15 | [13 ] 1.99 | I3 | .41

1. 91 4| .85 1,4 | 1.44
Iy 1.95 | ;5] 1.90 | 1,5 | 1.83
I 1.03 | 116 | 1.77 | 1.6 | 1.9G
I 147 | 1,7 | 62 7| 115

Iy 344 | I8 | 1.85 | .8 | 1.38
I .64 09 1.10 | 1,9 | 1.29
L0 | 2.24 | £,0 | 1.10 | 150 | 1.70
@ Tndividuals; # Eligibility values

e___________________________________________ ________________ ¥

Table 5.8: Strengths of the Groups in the Synthetic Dataset for Multi-purpose Ap-

proach
Groups | Strengths of the Groups
1. 2.26
2. 1.57
3. 1.41

Table 5.9: Eligibility values of individuals in the synthetic data set for the multi-
purpose approach

Gronp-1 Group-2 Group-3

® [EV#|I EV |1 EV
1 3.14 | 511 ] 1.05 | £»1 | 1.44
I, | 3.45 | 1,2 | 2.00 | L2 | .14
I, 3.40 | 13 | 1.05 | 1,3 | 1.99
14 3.41 | L4 | 1.05 | I.4 | 1.14
15 3.42 | 15 ] 1.83 | 135 | 1.90
1 340 | 516 | 1.96 | 1,6 | 1.01
I; | 339 | 7] 105 | L7 1.11
I 3.37 | 8] 1.03 | I,8 | 1.36
Iy 1.44 | [;9 ] 1.05 | 1,9 | 1.85
1,0 | 1.48 | 1,0 | 1.43 | I30 | 1.90
@ Individuals; # Eligibility values
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The numbers obtained from the calculation each group's strengths are shown Table 5.8.Group
competition commences after the intragroup is competition phase. The two strongest groups (A =
2) are joined Pm equal 30% or removed for Pq in this stage.= 1%. Go back to intragroup
competition phase if groups decide not to unite. These procedures keep on until all parties are on
the same page or the best possible resolution to the issue has been found. Following the
combination of the groups, table 5.9 displays the individual eligibility values. The greatest value
in table is acknowledged as the answer to multipurpose community discovery problem, as
specified in the POA's termination condition. The table indicates that because he is the most fit,
the second person is thought to be the answer to the issue. Figure 5.11 lists the communities that

the POA synthetic data set discovered.

Figure 5.11's algorithm has identified two groups. 5 and 6 overlap and are part of both clusters.
Table 5.10 lists the communities that the nodes are a part of. Overlapping knots are represented by

nodes in bold.

Figure 5.11: Network Structure

Table 5.10: Communities in the Synthetic Dataset for Multi-purpose Approach

Communities | Nodes
1 1,2,3,4,5,6
2 5,6,7,8.9

PK UNIVERSITY SHIVPURI (M.P.)
Page 84



5.4.3 Discovery of Multipurpose Community Overlap with POA on Real-World
Data

This section of the study evaluated the proposed method on four distinct datasets: Lesmis [94],
American Football [51], Dolphin Network [52], and Zachary's Karate Club [50]. The goal was to

find overlapping groups that might be utilized as a multifunctional strategy.

(I) The Zachary's Karate Club Data Set is social network of that displays the friendships of 34
members the US University karate club in 1970. The starting population, or first phase
of POA, for network with 78 connections was made in the Python environment. There
two categories with the first population that is created. The principle and candidate mem
of group are identified by computing each member's fitness value using cost value found
in Equation 15. The members that are principal candidate are shown Table 5.11.
Candidates for membership in the organizations are indicated by names in bold.

J) cCl (B)C2 K) €3

(L) c4 M) G5 (N.) Cé6

Following the identification of candidate members, group enters a competitive phase in which
permanent members move in the direction of candidate members. Following orientation
procedure, the primary members and the candidate the group are computed again. Equation 5.4 is
used determine group strengths based the selected applicants and key players. You may get
power values in Table 5.12. Group competition commences after intragroup competition phase.
The strong A =2 groups are merged Pm = 31% or eliminated at P4 = 1% in this stage. Go back to
intragroup competition phase if groups decide not to unite. These procedures keep on until all
parties are on the same page or the ideal resolution to the issue has been found. Table 5.13 displays
each person's fitness values after all grouper have been pooled. The greatest value in table is
acknowledged as the answer to multi- discovery problem, as specified in the POA's termination
condition. The ninth person on the table is seen to be the answer to the issue since he is the most
fit. Figure 5.12 lists the communities that POA for Zachary's Karate Club discovered. communities
are represented by the blue-colored nodes 9, 21, 29, 30, and 31. Table 5.14 lists the communities
that the nodes are a part of. In the table, overlapping nodes indicated in bold. (¢) Dolphin Network

Dataset: 62 dolphins that reside in a confined group in New Zealand make up the nondirectional
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network of frequent relationships in this dataset, Doubtful Sound. With 159 links in this network,

the

In the Python environment, the initial population—the first stage in POA—was produced.

Three groups of ten people each comprise initial population that is created.

Figure 5.13: American College ball Communities Found POA

(0.) (I (B)C2 (P) C3

Q) ¢4 C5 (R) C6
Table:5.12

(S.) ClI (B)C2 (T) C3

U.) c4 V) G5 (W) Cé6
Table:5.13

X.) ClI (B)C2 (Y.) C3

(z,) CcC4 (AA.) C5 (BB.) Cé6
Table:5.14
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(CC) Ci1 (B)C2 (DD.) C3
(EE.) C4 (FF.) C5 (GG.) C6
Table:5.15

Table 5.16 Strengths of the Groups in American College Football Data Set

(HH.) CI (B)C2 (IL) C3
Jl) C4 Cs (KK.) C6

Table 5.17 Eligibility values of individuals in the American College Football data set

(LL) CI (B)C2 (MM.) C3
(NN.) C4 Cs (00.) C6

Table 5.18: Eligibility values of the individuals in the groups in the Dolphin Social
Network datascet

Incividuals

Eligibility Values
I-1 I-2 -3 -G I-7
[« 133.80 116.38 100,80 04,38
[ G3.97 G2.86 G2.00
L& 108.51 118.73 121.55
< 1 144.16
o bt
(o 106.21
< 94.71
< 109.GG 0.5
< 139.56  145.03 147.98
C 176G.GT  157.11 150.38

Table 5.19: Strengths of the Groups in Dolphin Social Network Data Set

[ Groups [ Strengths of the Groups

1. | 1o7.a0
2. 102.00
3. 130.20
3 135.20

every one. The principle and candidate members of the group are identified by computing each
member's eligibility values in accordance with the cost value found in Equation 5.15. Table
presents the principal and candidate members.5.18. The names in bold indicate potential group

members.

Following the selection of the candidate members, the group's competitive phase starts, with the
permanent members moving in the direction of the candidate members. Following the orientation
procedure, a new calculation is made of the applicant and key group members. Equation 5.4 is

used to determine the group strengths based on the selected applicants and key players.

Table 5.19 lists the Groups' strengths.
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Group competition commences after the intra-group competition phase. The two strongest groups
(A =2) are joined at Pm = 30% or eliminated at Pd = 1% in this stage. Go back to the intra-group
competition phase if the groups decide not to unite. These procedures keep on until all parties are
on the same page or the ideal resolution to the issue has been found. Following the combination
of the groups, table 5.20 displays the individual eligibility values. The greatest value in the table
is recognized as the answer to the multiple choice question, as specified in the termination

condition of the POA.

PK UNIVERSITY SHIVPURI (M.P.)
Page 88



Table 5.20: Eligibility values of individuals in the Dolphin Social Network dataset

Individnals
I-1 1-2 I-3 -4 1-5 I-6 -7 I-8 -9 1-10

Community-1 151.18 156.55 136.16 13295 12544 117.93 11043 10292 9541  87.90

Community-2 76.64  T9.87  T4.83 THh.33 T444  T3A4 T2.65  TLTS TO.86 69.96

Community-3 120.35 129.77 126.96 132.30 135.61 138.91 14221 14552 148.82 152.12
Community-4 167.60 182.13 16598 170.29 16948 168.67 167.86 167.06 166.25 165.44
Community-5 76.40 93.15 01.92 102.68 11045 118.21 12597 133.74 141.50 14927
Commumity-6 120.64 129.77 12427 12853 130.34 13216 133.98 13579 137.61 139.43
Community-7 107.14 120.18 110.82 116.39 118.22 120.06 121.90 123.73 125.57 12741
Community-8§ 130.31 130.98 12831 127.86 126.86 125.86 12486 123.85 122.85 121.85
Community-9 156.39 168.67 163.290 169.69 173.14 176.59 180.04 183.49 186.94 190.39
Commumity-10 22244 16948 206.71 183.81 17595 168.08 160.22 152.36 14449 136.63

Eligibility Values
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TRSS8 !
"\hﬂmdthl e m?‘ur CCl
TSR3 . A
W‘ 2!]“'('\ b * “:;L [luanc D\T Notch
TR120 . Scabs R L Mus
‘hi "Nl{ﬂ \ - ® Quasi
Strie ‘,‘l‘w1u1 X = S “\ KJ‘I_M 3. o
wm faf » sump;r e MN23
! \Mratdl It .
Inr‘}. . ! l\: . \ ‘ \hqn ® N2y
f N l'h.ar T ‘w @
MN e f -
IN10§ ]mm; f ! ‘ \ . \NHH X ““:
N 7 &pp e ; mll.nm
J . \'\cl; Sl
Patchbagk > % \ l | e . I_Lc'ldlll..f
"/ g Zig
[ llm:t.stl TR
) Fe
SMN3 MNSB i 8
s & '&9. ' N - DN 1. p 'Rrpplr!luk
f 8
Fi Crosy r ‘\%
Five .
| | .\'.lu MNGD
™ |

Figure 5.14: Communities found by POA for Dolphin Social Network

difficulty of purpose overlap in community finding.

The table indicates that the second person is seen to be the answer to the issue as he is the most fit.
POA discovered communities for Dolphin Social Provided in Figure 5.14 is the network. Two

communities has been identified by the Dolphin Social Network algorithm.

PK UNIVERSITY SHIVPURI (M.P.)
Page 89



These two groupl are represented the green and purple colored nodes, and the overlapping nodes

that belong to both communities are shown by the blue colored nodes.

(d) Lesmis Dataset: This dataset depicts the cooperation of 77 characters from Victor Hugo's Les
Misérables novel. With 254 links in this network, the Python environment was used build the
initial population, which the first stage in the POA process. There are five groups consisting ten
people each from initial population. Each group member's eligibility values determined in

accordance with

Table 5.21: Eligibility values of the individuals in the groups in the Lesmis data set

Individuals in Community
I-1 1-2 I-3 I-4 1-5 I-6 I-7 I-8 1-9 I-10

Community-1 232,59 240.84 209.48 204.54 192.99 181.44 169.88 158.33 146.78 135.23
Community-2 11791 12288 115.15 115.89 114.52 113.14 111.76 110.39 109.01 107.63
Community-3 185.16 199.65 195.33 203.54 208.62 213.71 218.79 223.87 228.95 234.03
Community-4 257.84 280.20 255.36 261.98 260.74 259.50 258.25 257.01 255.77 254.53
Community-5 117.53 143.31 141.42 157.98 169.92 181.86 193.81 205.75 217.70 229.64
Community-6 185.60 199.65 191.19 197.73 200.53 203.32 206.12 20891 211.71 214.50
Community-7 164.83 184.89 170.49 179.06 181.88 184.71 187.53 190.36 193.18 196.01
Community-8 20048 201.51 19740 196.71 195.17 193.63 192.09 190.54 189.00 187.46
Community-9 240.60 259.50 251.22 261.05 266.36 271.67 27698 28229 287.60 29291
Community-10 342.21 260.74 318.01 28279 270.69 258.59 246.49 234.39 22229 210.19

Eligibility Values

Table 5.22: Strengths of Group in Lesmis data set

Groups | Strengths
1 329.66
2 321.14
3 349.07
4 221.39
5 449.02
6 328.36
7 256.32

The major and potential members of group are identified in relation to the prize value in the
Equation 5.15. Table lists the principal candidate members. Candidates for membership in the
organizations are indicated by names in bold. Following the selection of candidate members, the
group's competitive phase starts, with permanent members moving in the flow of the candidate

members. Following the orientation procedure, a new calculation is made of the applicant and key

PK UNIVERSITY SHIVPURI (M.P.)
Page 90



group members. Equation 5.4 is used determine the group strengths based the selected applicants
and key players. There are power values Table 5.22. Group competition commences after

intragroup competition phase.

The two strongest groups (A = 2) are joined at Pm = 31% or eliminated at P4 = 1% in this stage. If

groups decide not to combine, the intra-group rivalry will resume.

move. These procedures keep on until all parties are on the same page or the ideal resolution to
the issue has been found. When all the categories are joined, table 5.23 provides the individual's

eligibility values. As specified in the condition of termination

Table 5.23: Eligibility values of individuals in the Lesmis data set

Individuals
I-1 I-2 I-3 I-4 I-5 1-6 I-7 I-8 I-9 I-10

Community-1 204.67 211.94 184.35 179.99 169.83 159.66 149.50 139.33 129.17 119.01
Community-2 103.76  108.13 101.34 101.99 100.77 99.56 9835 97.14 95.93  94.72

Community-3 162.94 17569 171.89 179.12 183.59 188.06 192.53 197.01 201.48 205.95
Community-4 226.90 246.57 224.71 230.54 229.45 22836 227.26 226.17 225.08 223.98
Community-5 103.43 12611 124.45 139.02 14953 160.04 170.55 181.06 191.57 202.08
Community-6 163.32  175.69 168.24 174.01 17646 178.92 181.38 183.84 186.30 188.76
Community-7 145.06 162,71 150.03 157.567 160.056 162.54 165.03 167.61 170.00 172.49
Community-8 176.42 177.33 173.71 173.11 17175 170.39 169.04 167.68 166.32 164.96
Community-9 211.72 228.36 221.07 229.73 23440 239.07 243.75 248.42 253.09 257.76
Community-10  301.15 22945 279.85 24885 23821 22756 216.91 206.27 195.62 184.97

Eligibility Values

The multifunctional overlapping community finding problem's acceptable answer, according to
POA, is the value with the greatest value in a table. The ninth person on table is seen to be the
answer to the issue since he is the most fit. Figure 5.15 lists the communities that POA for Lesmis
was able to locate. Lesmis's recommended algorithm has identified two communities. These two
groups are represented the green and purple colored nodes, and the overlap nodes that belong both

communities are shown by the blue colored nodes.

5.5 Contextualization and Outcome Evaluation
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A thorough computational and experimental environment is designed to analyze the performance
the proposed IMCD community detection approach. the Windows-based 17 processor with 4.0 GB
of RAM, an integrated graphics card, and a 1TB hard disk Seven experts are employed to carry
out these tests. Additionally, the capabilities of RStudio (version 3.2.0) and node4j (version 0.9.1),
two open-source software programs, are investigated. Python is used as the programming language

for developing the modules.
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Figure 5.15: Lesmis communities discovered by POA
5.5.1 Tools and Technology

The Windows 7 environment's R studio interface simulates the IMCD framework.
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To map actual network data into CSV format, the functionalities of the Neo4j (version 3.3.5)

package and the i-graph over R (version 3.3.0) tool are investigated.
5.5.2 Evaluation Measures

influence of a multi-purpose based heuristic community discovery has been assessed through
performance assessment on six distinct graphical social media sets, including Word adjacencies,

Zachary Karate Club [50], Dolphin social network, and others.

[51], Les Misérables, American politics books, and American college football books [52] over the
normalized mutual information and assessment parameter modularity. When assessing the ability
of a subgraph (groups, clusters, or communities) inside a network to extract community structure,
a structural metric known as modularity is used [53].Communities arise in given network when a
set nodes with higher modularity relatively dense with one another. These communities may be

described as follows:

Table 5.24: Comparative Analysis of Impact of Social theory on Modularity

Classification | Modularity

Technique [ zKC [ ACF | DCN | BUP [ LM [ WA |
SEOA 0.5313 0.6107 0.6610 0.6151 0.6121 0.4118
ICA 0.4302 0.7211 0.6179 0.6714 0.6122 0.4192
TLBO 0.5137 0.6204 0.6196 0.7119 0.6217 0.5103
MPPOA 0.7456 0.8056 0.7435 0.8123 0.7658 0.6856

Table 5.25: Comparative Analysis of Impact of Social theory on Normalized Mutual

Information
Classification | Normalized Mutual Information |
Technique | ZKC | ACFE | DCN ‘ BUP [ LM | WA |
SEOA 0.8102 0.8233 0.7162 0.6955 0.5253 0.5822
ICA 0.8651 0.6324 0.5861 0.5712 0.4128 0.4268
TLBO 0.8624 0.7823 0.7152 0.5251 0.4462 0.5122
MPPOA 0.9087 0.8763 0.8567 0.7652 0.7459 0.7125

and mutual information is calculated as

2 xi(x, ;)

nmi(x, ) = &z +elc)

(5.18)
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Figure 5.16: Modularity of Community Detection Over ZIKC Data Set
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Figure 5.17: Normalized Mutual Information of Community Detection Over ZKC Data
Set
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Figures 5.18 , 5.19 illustrate how, over the AFC data , community detection algorithms SEOA,
ICA, TLB, and MPPOA gain approximately 61.07%, 72.11%, 63.04%, and 81.56% modularity
and 83.33%, 63.24%, 78.23%, and 87.63% NMI, respectively. MPPOA

0.8

0.75

e
~3

Modularity

0.65

0.6

SEOA ICA TLBO MPPOA

Figure 5.18: Modularity of Community Detection Over AFC Data Set

superior to ICA algorithm in terms of modularity and the NMI information SEOA algorithm,
archive was the best prior to MPPOA.
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Figure 5.19: Normalized Mutual Information of Community Detection Over AFC Data
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Figure 5.20: Modularity of Community Detection Over DCN Data Set

PK UNIVERSITY SHIVPURI (M.P.)
Page 96



0.8

0.75

NMI

0.7

SEOA ICA TLBO MPPOA

Figure 5.21: Normalized Mutual Information of Community Detection Over DCN Data
Set

In contrast, community detection algorithms TLBO ,SEOA, ICA, and MPPOA, as demonstrated
in figures 5.20 and 5.21, obtain approximately 66.10%, 61.79%, 62.96%, and 72.35% modularity
and 78.41%, 71.62%, 59.61%, 72.52%, and 85.67% NMI, respectively, over the DCN data set.
Compared to SEOA algorithm, a whose archive were the best prior to MPPOA, MPPOA performs
better.

The high NMI information is achieved by the SBA , HSA algorithms, while the SEOA algo. leads

in modularity.

On other hand, as fig 5.22, 5.23 illustrate, community detection algorithms TLBO,SEOA, ICA,
and MPPOA gain approximately 61.51%, 68.14%, 71.19%, 82.23% modularity and 6.855%,
57.12%, 52.51%, and 76.52% NMI over the BUP data set. MPPOA
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Figure 5.22: Modularity of Community Detection Over BUP Data Set
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Figure 5.23: Normalized Mutual Information of Community Detection Over BUP Data
Set

PK UNIVERSITY SHIVPURI (M.P.)
Page 98



The modularity of TLBO algorithm is led by the Normalized Information Community Detection
DCN Data (Figure 5.21), while SEOA algorithm is led by the NMI information. whose collection
was superior to MPPOA's.

Figures 5.24 and 5.25 illustrate how, over the LM data , community detection algorithms ICA,
SEOA, TLBO, and MPPOA gain approximately 61.21%, 62.22%, 63.17%, and 75.58%
modularity and 67.55%, 57.12%, 53.51%, and 75.59% NMI, respectively. The modularity
MPPOA surpasses that of TLBO algorithm, NMI information surpasses that of SEOA algorithm,

archive was superior prior to MPPOA.

On other hand, as figure 5.26 and 5.27 illustrate, community detection ICA, SEOA, TLBO, and
MPPOA gain approximately 41.18%, 42.92%, 51.03%, 67.56% modularity and 59.22%, 42.67%,
51.22%, and 72.25% NMI over the WA data . TLBO's archive was the best prior to MPPOA, but
MPPOA leads in modularity over SEOA , NMI information areover TLBO.

The Overlapping Multi-Purpose Community Detection POA Performance
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Figure 5.24: Modularity of Community Detection Over LM Data Set
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Figure 5.25: Normalized Mutual Information of Community Detection Over LM Data
Set
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Figure 5.26: Modularity of Community Detection Over WA Data Set
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Figure 5.27: Normalized Mutual Information of Community Detection Over WA Data
Set
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Data set on social media fluctuates according to network density. this attains a comparatively lower

overly dense WA data , a higher dense ACF ,ZKC network, and higher performance rate.

Using social media, this chapter introduced Overlapping Multi-Purpose Community Detection are
With POA (MPPOA). Significantly, MPPOA organized a very informative and dense community.
obtained approximately 92% modularity and 93% NMI across community structure across various
data set variations. By comparison, MPPOA outperforms the best-acquired result the combination
theory of graphical and social six different real network data sets by 2.24% improvement in

modularity and 3.57% improvement in NMI, respectively.
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Chapter 6

Conclusions

End users' engagement in corporate marketing, political propaganda, educational activities,
entertainment, and commercial activity social media has significantly risen in social media era.

End users' inclination foundation has been facilitated by social media.

participation by forming groups of people who have same interests and viewpoints on a range of
topics, including local global both politics, products, and concerns. Social media behavior,
including likes, dislikes, shares, comments, friends, and profile information, can shape end users'
preferences. In order to tackle the delicate character of community structure social media, this
thesis focuses on overlapping community finding and the decreased engagement of passive like-

minded individuals.

This study solves community discovery that coincides a method has not used previously, and
first presents a thorough assessment on overlapping community structure social networks, is
commonly experienced in everyday life. It have been shown via investigations and analyses that
the methods used to identify overlapping communities in the social networks offer answers to this
issue by focusing on single goal. This article also provides a comparative examination of six

distinct social media based sets using meta-heuristic overlap community recognition techniques.

community detection algo SEOA,BSO, , HSA, GLOA,HGFA, SBA, ICA, and TLBO were
examined in this section in relation to social media sets. The results showed these algorithms
achieved greater performance rates in dense ACF networks and comparatively lower rates in
lightly dense a WA data sets. Additionally, across the greater dense network, TLBO , ICA are
able to extract a higher informative community. The semantic relation-based modularity-
optimized community recognition approach for heterogeneous networks is then presented in this
paper. This part attempts to use content analysis the network try to raise the modularity ratio of
the jointly link analysis and the network. As a result, network was constructed using the similarity

values individuals' shares as indirect linkages.
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Additionally, this study introduced content- and link-based approaches for the greedy hierarchical
clustering algorithm, which makes advantage of indirect connections the network and structure
to guarantee that nodes that are closest to one another are prioritized in both topological and
semantic groups. The influence semantic relations on optimization algorithms, namely
Parliamentary Optimization (POA) and Modularity Optimization (MOA), community discovery
is compared in this section. Ultimately, six real network based heterogeneous network information
sets were used to test modularity and NMI the study that was given, and the results showed a

sufficient modularity rate across the resulting informative community.

Ultimately, this study develops a Parliamentary Optimization (MPPOA) community identification
approach based on Multi Purpose functionality that extracts user space for the purpose influencing
passive last users. In addition, the semantic relation-based modularity-optimized community
recognition technique for heterogeneous networks is presented in this thesis. By combining the
network's content analysis with link analysis, this thesis seeks to improve the network's modularity
value. As a result, similarity values individuals' shares were computed and added as indirect
linkages to the network. Significantly, MPPOA organized a very interesting and dense community.
obtained 94% NMI and around 93% modularity throughout the community structure across several
data set variations. By comparison, MPPOA outperforms best acquired result benchmark
approach with the combination of graphical social theory over 6six distinct actual network data

sets by 2.24% improvement in modularity and 3.57% improvement in NMI, respectively.
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Abstract —

As the Internet has grown, social networks have drawn interest as research subjects from a wide range of
academic fields. The most precise systems are represented in intricate networks. Complex networks are
most commonly characterized by their community structure, in which the relationships between node
groups are more intimately linked to one another than with the network as a whole.Finding the main
clusters and community structures in complex networks, like web charts and biological networks, enables
the discovery of organizational rules. The communities appear to overlap in general. One of the defining
characteristics of social networks is overlap, which is the state of an individual being a member of
multiple social groups. Overlapping community discovery has drawn a lot of interest recently in social
network application domains.Numerous approaches utilizing various tools and techniques have been put
forth to address the issue of overlapping community discovery.This paper presents a thorough analysis of
single and multi-purpose functions for community detection, as well as a comparative analysis of the
heuristic overlap community detection algorithm over social media.

Keywords: single function, multi-purpose function, optimization algorithm, heuristic classification,
community detection, and seed community

I. OVERVIEW

The 21st century has seen a rapid advancement in communication and technology, making information
access necessary.and make the best use of it possible, making it an essential human need and a necessary
component of their everyday existence. The Internet is without a doubt the most convenient and quick
way to obtain information in the modern world. In addition to serving as a network that links millions of
computers worldwide, the Internet also serves as a platform that links millions of individuals and
thousands of social groups, and it is always expanding. One of the most widely used internet apps, social
media is quickly rising to prominence as one of the most crucial communication tools available today.
The rate at which people access social media rises in tandem with the frequency at which people use the
Internet. Social media is predicted to play a near-essential role in internet usage in the near future. Social
media apps aim to meet almost everyone's needs by employing technology that goes beyond simple
communication. many subjects, including games, learning, and searching. People won't need another tool
if they can find nearly anything they're looking for on social media. Along with Researchers can now
access and analyze data on vast networks, such as social media, thanks to advancements in computer
technology and network analysis.The analysis of individual and social group structures and behaviors in
the press (separation, clustering, relationship determination), electronic commerce and online advertising
(customer profile creation and trend analysis, personalised advertising and offering), physical structure
analysis (transportation, installation, infrastructure), and analysis of large data sets (media tracking,
academic publication analysis, genetic research) are just a few of the fields that use complex network
analysis today [1]. Finding communities and communities in networks is the most pressing problem in
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network analysis today. Identifying their communities in networks is used in a variety of fields, including
engineering, physics, chemistry, biology, and social sciences. For instance, functional units of proteins
can be identified or their functions can be predicted thanks to the discovery of biological communities [2].
Given the immunization interventions for infectious diseases in related networks and knowledge of the
spread of viruses in social networks, community structure is a crucial topological feature in sociology
[3].The ability to classify nodes based on the structures of the groups they belong to and to reveal groups
is a crucial aspect of community discovery. In a social network structure, a set of nodes is referred to as a
community if its link count exceeds the total number of connections outside of it. Communities,
sometimes referred to as clusters or modules, are collections of nodes that work together in networks and
typically share common functionalities [4]. Figure 1 provides a grid that schematically depicts the
communities. The majority of community detection techniques are based on the division of links between
groups. The most significant issue that arises in real-world network structures is the overlapping
circumstance known as the potential for nodes to belong to multiple groups. Nonetheless, a lot of
algorithms typically include nodes in a group because of the intricacy of the processes, disregarding
overlap [5]. Accurate information about the structure of complex networks cannot be obtained by this
grouping [6].For the purpose of identifying overlapping communities in intricate networks, numerous
algorithms exist. The most popular algorithm is CPM. But CPM lacks the flexibility needed for actual
networks. When the network is extremely dense, CPM detects meaningful clicks; when the network is
sparse, it does not.Therefore, the network's capabilities have a significant impact on CPM.A Genetic
Algorithm (GA) is used by GA-Net + [7] to adopt overlapping communities. The process creates a line
chart from a node chart. The line chart's nodes display the node chart's edges, and the node chart's edges
display the relationships between their neighborhoods[8]. The line chart is then presented as an overview
of the genetic algorithm, and in order to achieve fit, it is transformed into a node chart at each stage
[9].Other popular research for community discovery includes overlapping ensemble detection in networks
[11], network communities [10], and an algorithm for rapidly identifying overlapping ensembles
[12].Optimisation algorithms represent an additional technique for community discovery within social
networks.The process of finding the best answer to a problem is called optimization. Heuristic
optimization algorithms, which are widely used in daily life, are the basis for meta-heuristic optimisation
algorithms, a decision-making mechanism [13]. It is intuitive, for instance, to make decisions at
crossroads and move from one location to another based only on a feeling of direction, not knowing
where the path will lead. Meta-heuristic algorithms are the structure that determines which approaches to
use when three heuristic algorithms are beneficial for a problem from different perspectives.An overview
of a heuristic community detection algorithm over social media is provided in this paper. The remainder
of the document is structured as follows: The social media community and algorithm are described in
Section 2. Single and multi-purpose function based metaheuristics community detection methods are
presented in Section 3. A comparative analysis of the community detection algorithm over six different
data sets is covered in Section 4. The paper is concluded in Section 5 with an outline of the foundational
and ongoing work.

I1. Social Network Community

Networks are used to represent the majority of complex networks.

The World Wide Web (WWW), for instance, is a network of linked webpages; social networks are
networks in which individuals are represented as nodes and the relationships that bind them as edges. In a
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similar vein, biological networks are made up of nodes that express biochemical molecules and
boundaries that specify the connections among them [14]. The majority of research in recent years has
been devoted to comprehending how network topology affects system dynamics, behavior, and network
structure and evolution.Understanding complicated network architectures also requires identifying
community structures [15].Groups of nodes are referred to as communities in networks.where ties inside
groups are abundant and connections across groupings are rare. The association of people who
communicate regularly is another definition of a community. Because of this, communities are essentially
collections of nodes that interact similarly and have shared traits [16].Communities inside network
architectures provide us specific information about people's study topics, interests, patterns, and other
characteristics. In actual networks, theThe structure of networks is not uniform. Systems that focus and
group together in a certain region, which we refer to as ensembles, are most likely collections of nodes
with related features and functions [4].There are several concrete application areas in communities. For
instance, by allocating the same servers to each client cluster, clustering web clients with comparable
interests or locations together improves service performance on the WWW. In online buying systems, an
efficient advice system between the buyer and the supplier may be built by identifying the community of
consumers with similar interests[17].

By recognizing communities, hierarchical organizations in complicated real-world networks may be
planned. Communities within communities are a common feature in real networks.The best example of a
hierarchical arrangement is the human body.The body is comprised of organs, organ-derived tissues, and
tissues composed of cells. Business firms are another instance of a hierarchical organization. One way to
conceptualize business enterprises made up of midlevel workgroups is as a pyramid that extends from the
workers to the top of the organization. Another meaning of "vertex similarity" is the concept that distance
between nodes on a spaceplane serves as a similarity criteria. Traditional grouping techniques frequently
employ this strategy. In case nodes are unable to be positioned on a spaceplane, an adjacency matrix may
be employed. Even if they are not neighbors, it may be said that they are similar if their neighbors are also
similar. Measuring the number of distinct pathways between two nodes, the length of the shortest route,
or the random walk may also be used to identify commonalities between nodes [18].Although the initial
research on identifying community structures implied that a node could be a part of only one community,
networks are made up of various connections in which nodes can be found.be a part of multiple
communities; this arrangement is known as overlap. Examples of human relations relationships between
two people include those involving family, friends, and coworkers. Hence, one of the most important
problems in the analysis of actual social networks is finding overlapping communities. In Figure 2, a
network of three distinct communities is displayed. Four nodes in the network are part of multiple
communities, demonstrating how communities in networks overlap.Since the community and modular
structure are used to determine how well the systems function, they are regarded as crucial components of
real-world social networks. Still, a lot of Effective and efficient community discovery techniques have
been developed in response to uncertainties regarding community identification.

A. Conventional Approaches

a) Partitioning Graphs

It involves splitting the nodes into k groups of fixed sizes so that there are as few edges as possible
between the groups. However, it is not a suitable approach for social network analysis when the number
of groups present in social network structures is unknown beforehand. Iterative bi-sectioning is one of its
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most important algorithms [19]. Min-Cut, Max-Flow Theorem. A dividing line where there are the fewest
edges between groups is depicted in Figure 3 for k = 2.

b) Organizational Structure

Groups within social networks are typically entwined in a hierarchical structure. It is an approach that
combines removing low-affinity nodes, grouping similar nodes, and dividing groups. Depending on the
similarity criterion that is chosen, different results will be obtained [4].

Figure 1 Network configuration with three communities
¢) Dividing Grouping

Each node is viewed as a point in space, and the group number k is predetermined in this case. Assuming
a given function, the objective is to partition the points into k groups based on how far apart they are from
the center. The most often utilized components are k-means, k-central, k-median, and minimum k-
clustering [20]. The drawback remains the same in this instance: knowing how many d) Clustering
Spectrally Numerous strategies and procedures that divide data into sets using an eigenvector like S or
another matrices generated by it [21]. This method involves taking the similarity matrix's eigenvectors
and grouping them using a function like k-means [20].The Laplace matrix is the most often utilized
matrix. This method allows the number of groups in the line to be determined from the eigenvector
components.

B. Algorithms for Segmentation

It is a technique that seeks to identify and eliminate the edges in a graph that link groups in order to
discriminate and reveal the teams. How to identify the edges that join these groups is crucial. The Girvan-
Newman algorithm is the most widely used algorithm [22]. In this case, edges are chosen according to a
factor known as edge centrality. Every edge's centrality value is computed. Deleted are the edges with the
highest centrality value. Repetition of the first step and deletion of the edge with the highest value are the
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next steps in the process.Edge betweenness, random walk edge betweenness, and current flow
betweenness are also employed in addition to the edge centrality criteria [4].

C. Methods Based on Modularity

The most popular and frequently applied quality function in graph analysis is modularity. Though not
entirely validated, a high Good groups are thought to be indicated by a modularity value [4]. A line is
deemed to have a group structure if its modularity value is greater than that of a random line of the same
size and degree on the graph. A high modularity value, however, does not always imply the existence of a
group structure. Certain random graphs can have high modularity values even though they lack group
structure.

There is no linear time solution to the NP-Complete problem of improving the modularity function.
Nonetheless, successful algorithms with a range of convergences have been created [23, 24]. The
alteration that maximizes the function of quality

D. Adaptive Formulas

The random walker model is the most widely used dynamic algorithm for community exploration.This
technique results in the random walker remaining in the community for an extended period of time if the
graph's connections have a high density; logically, this means that the chart has strong communities [4].

E. Alternative Approaches

In addition to the previously listed and widely used techniques, there are techniques based on statistical
inference (Bayes, etc.) [25, 26], techniques that tag nodes and use the tag that their neighbors share the
most in each iteration to split groups in this manner [4], click filtering techniques [27], approaches to deal
with overlap, and multi-resolution techniques.
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Fig. 4 Meta-Heuristic Methods

1II. METHODOLOGICAL OPTIMIZATION METHODS Any issue pertaining to determining values for
unknown parameters

An optimization problem is one that must be satisfied under specific constraints. Optimization entails
optimization. Finding the best solution out of all the options for a problem under a certain set of
circumstances is the task at hand. In other words, heuristic algorithms have the ability to converge but do
not ensure a precise result. This circumstance offers a resolution that is nearly perfect [29].

Heuristic algorithms are necessary for the following reasons:

* It's possible that the optimization problem has a structure that makes it impossible to pinpoint the
precise solution.

* Heuristic algorithms have the potential to be much more clear easier to make decisions for.
* Heuristic algorithms are useful for learning and for assisting in the precise solution's discovery.

* The most difficult parts of real-world problems (such as which objectives and constraints should be
applied, which alternatives should be tested, and how to gather problem data) are frequently overlooked
in definitions created using mathematical formulas. More substantial errors could result from inaccurate
data used during the model parameter determination stage than from the heuristic approach's potential for
producing a suboptimal solution [29].

A decision-making process based on heuristic optimization algorithms—which are widely applied in daily
life—is known as a meta-heuristic optimization algorithm [30].
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The meta-heuristic Algorithms, which are becoming more powerful and well-liked in recent years, solve
search or optimization problems using a straightforward methodology. The following is a summary of the
cause of these:

a. They also provide general approaches to solving the problem that can be used when various kinds of
objective functions, constraints, and decision variables are present. The type of objective function,
limiters, and variables used in the problem modeling are not relevant factors in determining the strategies
for solving the problem.

b. It is independent of delimiters, decision variable count, and type of solution space.
c. There is no need for highly defined mathematical

models that can occasionally not be used due to the high cost of solution time and are challenging to set
up for the model and purpose function of the system.

d. They don't require a lot of computing time because they have strong processing power.
e. It is simple to change and adjust to them.
f. It produces good outcomes for large-scale nonlinear and multinational problems.

g. Unlike classical algorithms, a solution algorithm for a given problem does not necessitate some
assumptions that may be challenging to verify in adaptation. h. Similar to classical algorithms, it doesn't
call for modifications to the target problem. They modify themselves to address various problems.These
benefits make meta-heuristic algorithms widely used in a variety of fields, including computers,
engineering, and man-made intelligence, and new versions are advised.

Figure 4 illustrates general-purpose meta-heuristic methods. They are bio-based (evolutionary algorithms,
ant colony algorithms, bee colony algorithms, artificial immune algorithms, firefly algorithms, enzyme
algorithms, sapling development algorithms, invasive weed optimization, monkey search algorithms,
bacterial bait search algorithms), physics-based (multi-point heat treatment algorithms, electromagnetism
algorithms, particle collision algorithms, big bang big crash algorithms), swarm-based (particle swarm
optimization, ant colony optimization, bee colony optimization), and social-based (multipoint taboo Eight
distinct approaches: investigation algorithm, parliamentary optimization algorithm, imperialist competitor
algorithm), sports-based (league championship algorithm), music-based (harmony search), and chemistry-
based

The group evaluates techniques (such as artificial chemical reaction optimization algorithms) and
mathematics-based techniques (such as meta-heuristics and base algorithms)[31]. Additionally, hybrid
approaches that combine them exist.Even though there are many highly effective algorithms and
techniques in the literature, it is crucial to design, develop, and implement new strategies in the scientific
field with the continuous improvement philosophy and always strive for better. Additionally, new meta-
heuristic algorithms are continuously being proposed because the algorithm that yields the best results for
all problems has not yet been designed. It is suggested that the current ones operate more efficiently.
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Because of this awareness, scholars have successfully added new meta-heuristic techniques to the body of
literature in recent years. A. Algorithms for Socially Based Meta-heuristic Optimization

The literature contains a large number of recently suggested social-based heuristic optimization
techniques. The most renowned The most commonly utilized among them is the Tabu search algorithm.
Others have been filed more recently [32].

a) Algorithm of Imperialist Competitor

The Imperialist Competitor process (ICA) starts the process by generating an initial population, just as
analogous evolutionary algorithms. The top few nations in terms of initial population are selected as
imperialist nations, and the remainder people become imperialist colonies. The states that make up the
empire divide up all of the specified regions. The colonies start to gravitate in the direction of the right
imperialists after being distributed among the imperialist powers. Empires' strength is determined by the
imperialist's capacity and their their areas ceded to the imperialists. The algorithmic process is ongoing,
with the race between the imperialists having begun. Not able to

The imperialism will be removed from the race if it manages to get stronger or achieve success. Robust
empires gain power during the race, whereas weak kingdoms deteriorate and head toward collapse. The
race goes on until there is only one empire left, at which point other nations become colonies of the
empire that survives thanks to an algorithm. Territories and imperialists will hold equal status and
authority in the utopian society that is created at the conclusion of the race [33].The algorithm's flow chart
is displayed in Figure 5.

b) Educating Algorithms for Learning-Based Optimization

The Teaching Learning Based Optimization is another newly created meta-heuristic optimization
technique. optimization issue, with the fitness function's best value being the optimal solution. There are
two scenarios in which the TLBO algorithm operates: The Method of Instruction and The Process of
Learning[36].1t is well acknowledged that the instructor plays a crucial role in the teaching process as the
one who imparts information to the students. Students are a clear indicator of a teacher's quality. It has
been shown that when pupils have excellent professors, both their circumstances and grades improve.

As a result, the interaction between the teacher and the student affects the teaching process. Students are
the primary component in the learning process [37].To help in understanding the phases of the TLBO
algorithm, a flow chart has been produced, as shown in Figure 6.

Algorithm (TLBO) [34]. The TLBO algorithm operates based on how a teacher affects their pupils in a
classroom. The teaching and learning capacities of instructors and pupils at a school are described by the
algorithm. Two fundamental elements of this algorithm are the teacher and the pupil [35].The population
in the algorithm is the group of students, and other design variables for the optimization issue are the
many disciplines that are taught to the pupils. The outcome of a student is comparable to the optimization
problem's fit value. For the entire population, the teacher is thought to be the best option.The vocabulary
employed in design
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¢) Algorithm for Social-Emotional Optimization

A novel social-based optimization method called the Social-Emotional Optimization Algorithm (SEOA)
mimics human conduct [38]. The human community is linked to the term "social." The community's
residents work to elevate their social standing.

The SEOA's operational processes are listed in the algorithm.l. A step-by-step breakdown of the
algorithm for social-emotional optimization

1. Get going

2. Every person is created one after the other, and the problem space is randomly assigned to each one of
their starting places.

3. The goal function is used to compute each person's fitness value.

4. j. Based on the person's emotional index, their behavioral actions are dictated.
5. The whole population's location is updated.

6. The emotional quotient is calculated.

The optimal option, if the termination condition is satisfied,

7. The best option is approved if the termination requirement is satisfied. Step 2 is returned if the
condition is not satisfied.

8. Come to an end.

Every individual in SEOA is a virtual person. People base their decisions on how to behave at each phase
on the corresponding emotional index [39]. There are three categories for the emotional index: low,
medium, and high. An action is chosen based on the emotional index. Depending on whether the intended
behavior is accurate, the status value is recycled from society in accordance with the chosen behavior.
The person's emotional index rises if this decision raises the social status value. If not, the social status
value drops as the emotional index decreases [40].

¢) Organizing Brainstorms

In generally acknowledged organizations, brainstorming is a popular technique to foster creativity, such
as fostering creative contemplating. Osborn created brainstorming for the first time at the advertising
agency in 1939. He organized this approach to problem-solving in Applied Imagination before the end of
1957 [41, 42]. Following then, brainstorming sparked a global interest in academics and business. People
from various ethnic backgrounds get together during the brainstorming process to collaborate and interact
in order to provide brilliant ideas for solving problems. The phases in the BFOA process that were created
using brainstorming inspiration are listed in Algorithm Two steps to the Brain Storming Optimization
Algorithm explanation:
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1. Get going

2. Individuals who might be possible solutions are produced.

3. There are n individuals and m groups.

4. N people are assessed.

5. Each cluster's members are ranked, and the cluster's center is assigned to the best member.
6. A value in the range of 0 to 1 is created at random.

(a). In the event that a generated value is smaller than P5a's predefined value
(i). At random, select a cluster center.

(ii). Create a random person to take the place of the selected cluster center.

7. Generate new persons.

(a). It generates a random number between 0 and 1.

(b). Should the generated value fall short of P6b,

6 (1). Select a random set a with probability P

(ii). Create a random number in the range between 0 and 1.

(iii). If the amount is below the predetermined

value of P6b

iii, 1) To create new people, choose the cluster center and add a random value.

If not, select a random person from the cluster and combine them with the value that was created at
random to create new people.

(c). If not, choose two clusters at random to produce new people.
(i). Create a value at random.

(ii). Choose and combine two cluster centers, then add the randomly produced value to create additional
people if the generated value is smaller than the predefined probability of P6c.

(ii1). If not, two individuals are chosen at random from each cluster to merge, and the created value is
added to create new individuals.

8. If n additional people are created, proceed to step 9 and then step 7.
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9. The point at which the predefined maximum number of iterations has been achieved; if not, proceed to
step 3.

10. Stop.
e) Algorithm for Group Leaders Optimization

The Group Leaders Optimization Algorithm (GLOA) is an algorithm that was created through evolution,
drawing inspiration from the impact of social group leaders. The issue space is split up into various
groups, and a leader is chosen for each group [43].Each group's members don't have to be similar
characters; they can be chosen at random. Each group selects its best member to be the leader. Every
iteration, members of each group want to look like their leaders. The method establishes a solution space
between the group members and the leader in this manner. Following a few actions, it was noted that
group members had a leaderlike appearance. One person is picked at random to promote variety within
the group. A few of The variables of the other group members take their position. Furthermore, a
crossover operator facilitates the group's arrival to the local minimum, and another search of the solution
space can be conducted to boost variety [44]. Figure 7 f) outlines the algorithmic procedures by which n
groups of P members are created and group leaders are chosen based on their appropriateness values. An
Algorithm for Social Hierarchies

The social behaviors seen in a range of biological systems and human organizations served as the model
for the Hierarchical Social Algorithm (HSA). Several problems with infinite resources have been
successfully solved using this meta-heuristic technique. The concurrent optimization of the set of
appropriate solutions is the fundamental principle of HSA. Every social group has a workable answer, and
these groupings are first dispersed at random to create distinct locations for the solutions. Each group uses
development tactics to compete with their neighbors or improve their target function. In this instance,
relevant social rivalry and collaboration yield a superior outcome 20. The objective solution is therefore
optimized. The optimal solution is identified in a single group at the end of the procedure [1].

g) Algorithm for Human Group Formation

The Human Group Formation Algorithm (HGFA) is a modern social-based meta-heuristic optimization
algorithm that draws inspiration from the behaviors of both outgroup and ingroup members that make an
effort to stay as close to their groups as feasible. Sociologists have established what constitutes an in-
group and out-group in order to categorize people into social groups. Those who are accepted by the
group as members of the in-group include which they are a part of. When someone is classified as a
member of a group, they identify with that group and believe that they are unique from other groups.
They believe that their group is superior to all others. Because of this, even while they are apart from the
group, members of the group make every effort to keep the group together [47]. It demonstrates the
conversion of the ideas presented in Figure 8 into applications.

h) Algorithm With Social Basis

A novel algorithm known as a Social Based Algorithm (SBA) blends an evolutionary algorithm with a
socio-political an Imperialist Competitor Algorithm-based procedure.
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People reside in a variety of communities, including multinational, republican, autocratic, and
monarchical ones. Additionally, each community has a unique style of leadership. This strategy aims to
include a small number of individuals in the community development trait [48]. Algorithm 3 displays the
SBA's process phases.

Algorithm 3: The Social Based Algorithm explained step-by-step:

1. Launching

2. Filling up the parameters

3. adhere to

(a). Clearly stating the optimization issue,

(b). Creating a random population

(¢). Choosing a few powerful individuals at random to serve as leaders,
(d). Placing the remaining people at random throughout various areas,

(e). Using the imperialist cost function to launch empires T.Pci, f. the selection of charismatic leaders to
be emperors,

4. Ten circles Nd is equal to Nd+1.
5.wherei=1,2,...,N

(a). Choice (b). Cross (c). Change (d). Substitution
6.Letibel,2,...,N

(a). The leaders of each group are relocated to their kingdom as part of the assimilation program of
humans

(i). $x ~ U$ (0, absorption inside x)
d) (ii). $d:$ The separator and imperialist's distance
(b) The revolution of the people

(c). Countries adopt an assimilation program in which the leaders of each group establish their empire and
the populace of each nation follows suit

(i). $x ~ U$ (0, external assimilation coefficient x d)
(ii). $d:$ The separation between the imperialist and the leader

(d). The nation-state revolution
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(e). Modifying the address

(f). imperialist race: selecting the weak nation from the weak empire and awarding it to the empire with
the highest probability of possessing it

(g). Elimination; the abolition of empire and the powerless principle
7. Verifying the termination requirement and continuing from steps 4 through 7 until it is satisfied.

8. Stop.

Blowve dhin imporinlist and colony

+
Claloulate the total value of all omplres

*
Tukd Lho wondesh colomy ol

Ll Jowosit engdoe oo give i
s Ll moost sultable cmpice.

Fig. 5 Flow Chart Of Imperialist Competitive Algorithm
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Final Value of the Solution

Fig. 6 Flow Chart Of TLBO Algorithm
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IV. BENCHMARK COMMUNITY DETECTION ALGORITHM SOCIAL THEORY RESULT
ANALYSIS

Six distinct graphical social media data sets—Word adjacencies, Zachary Karate Club [49], Dolphin
social network [50], Les Misérables, books about US politics, and American college football [51]—were
used in the performance evaluation to determine the effects of single and multi-purpose based heuristic
community detection algorithms. The evaluation parameters included modularity and normalized mutual
information.

A structural evaluation of networks called modularity assesses how well a subgraph—a group, cluster, or
community—in the network can be used to extract community structure [52]. Communities in a particular
network develop as a result of groupings of nodes with higher modularity being relatively dense with one
another in the network:

HA =1 2JHA

1
=2|E|2[exy 2|E|]8(C’“Cy)
Xy

n
_ .. 2
i=1

A probabilistic function (cx,cy) equals 1 if both nodes x and y belong to the same community structure,
and 0 otherwise. fii represents the edge in the community i, and F’ is the belonging probability of a
random edge to the community i that is attached to vertices in the community i. Where exy represents the
edge from node x to node y, Wx represents the summation of the weights of the edges linked to node x,
and cx is the belonging community structure of node x. On the other hand, normalized mutual information
is a way to scale the similarity between intra community nodes by normalizing the intra-community
mutual information score:

The 0 node and nmi(x, ¢) are completely different.
One node is identical to another
Mutual information may be computed using the formula

2 *i(x,ci)

nmi(x,c) == m
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Table 1: A Comparative Examination of Social Theory's Effect on Modularity

Method  of | Modularity

Classification | DCN BUP LM WA ZKC ACF
ICA 0.6179 0.6714 0.6122 0.4192 0.4302 0.7211
SEOA 0.661 0.61 0.6121 0.4118 0.5313 0.6107
BSO 0.4844 0.5674 0.5105 0.3611 0.3326 0.6213
GLOA 0.6179 0.6714 0.6122 0.4192 0.4302 0.7211
HSA 0.661 0.61 0.6121 0.4118 0.5313 0.6107
SBA 0.4844 0.5674 0.5105 0.3611 0.3326 0.6213
HGFA 0.4844 0.5674 0.5105 0.3611 0.3326 0.6213
TLBO 0.6196 0.7119 0.6217 0.5103 0.5137 0.6204

Table 2: Comparison of Social Theory's Effects on Normalized Mutual Information

Method  of | Mutual Information Normalized

Classification | DCN BUP LM WA ZKC ACF
ICA 0.4844 0.5674 0.5105 0.3611 0.3326 0.6213
SEOA 0.6179 0.6714 0.6122 0.4192 0.4302 0.7211
BSO 0.661 0.61 0.6121 04118 0.5313 0.6107
GLOA 0.4844 0.5674 0.5105 0.3611 0.3326 0.6213
HSA 0.4844 0.5674 0.5105 0.3611 0.3326 0.6213
SBA 0.6179 0.6714 0.6122 0.4192 0.4302 0.7211
HGFA 0.661 0.61 0.6121 04118 0.5313 0.6107
TLBO 0.4844 0.5674 0.5105 0.3611 0.3326 0.6213

The class label performance evaluation of the benchmark community detection algorithm with and
without social theories is displayed in tables 1 and 2 as modularity and normalized mutual information,
respectively, where ¢ is the community structure, e is the entropy, and i(x;c) is the information gain for
element ci. The integration of social theories with the community detection algorithm leads to a
considerable improvement in both assessment parameters. The approximate results of the community

detection algorithms
bl | S

BE Q0 e Do prsoa Bl HOFA
Emsps BesEos Bmioa TLBO

BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO 62.11%, 86.18%, 71.53%, 82.43%, 81.02%,
86.51%, and 86.24% NMI over 33.26%, 30.76%, 41.95%, 43.05%, 43.14%, 53.13%, 43.02%, and
51.37% modularity
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ZKC datasets, as seen in Figures 9 and 10.

The highest NMI information is achieved by the ICA and TLBO algorithms, but the SEOA method leads
in modularity.

Fig. 10 Normalized Mutual Information for ZKC Data Set Community Detection
Fig. 11: Community Detection's Modularity Across AFC Data Set

On the other hand, as illustrated in figures 11 and 12, the community detection algorithms BSO, GLOA,
HSA, HGFA, SBA, SEOA, ICA, and TLBO gain approximately 62.13%, 59.47%, 59.29%, 72.03%,
60.14%, 61.07%, 72.11%, and 62.04% modularity over the AFC dataset. While SEOA and HAS
algorithms accomplish modularity, ICA algorithm leads the way.

the highest NMI data. In contrast, the community detection algorithms BSO, GLOA, HSA, HGFA, SBA,
SEOA, ICA, and TLBO gain around 56.74%, 51.75%, 56.01%, 67.68%, and 61.57% over the BUP
dataset.

As seen in figures 15 and 16, there is 61.51%, 67.14%, 71.19% modularity and 42.25%, 52.09%, 52.61%,
52.53%, 51.43%, 69.55%, 57.12%, and 52.51% NMI, respectively. The maximum NMI information is
achieved by the SEOA algorithm, whereas the TLBO method leads in modularity. On the other hand, as
illustrated in figures 17 and 18, the community detection algorithms BSO, GLOA, HSA, HGFA, SBA,
SEOA, ICA, and TLBO on the LM dataset gain approximately 51.05%, 50.98%, 58.61%, 60.79%,
60.71%, 61.21%, 62.17% modularity and 42.25%, 52.09%, 52.61%, 52.53%, 51.43%, 69.55%, 57.12%,
and 52.51% NMI, respectively. The maximum NMI information is achieved by the SEOA algorithm,
whereas the TLBO method leads in modularity. In contrast, the WA dataset, BSO, GLOA, and HSA
community discovery algorithms About 56.74%, 51.75%, 56.01%, 67.68%, 61.57%, 61.51%, 67.14%,
and 71.19% modularity are gai
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ned by BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO, whereas 42.25%, 52.09%,

Figures 15 and 16 illustrate 52.61%, 52.53%, 51.43%, 69.55%, 57.12%, and 52.51% NMI, respectively.
The maximum NMI information is achieved by the SEOA algorithm, whereas the TLBO method leads in
modularity. On the other hand, as illustrated in figures 17 and 18, the community detection algorithms
BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO on the LM dataset gain approximately
51.05%, 50.98%, 58.61%, 60.79%, 60.71%, 61.21%, 62.17% modularity and 42.25%, 52.09%, 52.61%,
52.53%, 51.43%, 69.55%, 57.12%, and 52.51% NMI, respectively. The maximum NMI information is
achieved by the SEOA algorithm, whereas the TLBO method leads in modularity. Conversely, the
community detection algorithms BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO gain almost
the same across the WA dataset.
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about 39.15%, 39.27%, 32.84%, 45.82%, 43.01%, 58.22%, 42.68%, and 51.22% NMI and 36.11%,
34.92%, 30.30%, 35.32%, 41.87%, 41.18%, 41.92%, and 51.03% modularity

as indicated by figures 19 and 20. While the SEOA algorithm produces the maximum NMI information,
the TLBO algorithm wins in modularity.greater ACF network density, higher performance rate, and
comparatively lower over the less dense WA dataset. Heuristic overlap across six distinct social media-
based datasets for community recognition algorithms. According to this study, the performance rate of the
community detection algorithms BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO varies with
network density over social media datasets. It obtains a greater performance rate in dense ACF networks
and a significantly lower one in weakly packed WA datasets. Additionally, across the greater dense
network, TLBO and ICA are able to extract a higher informative community.

Concurrently, SEOA and the less dense networks. Network density affects how well community
discovery algorithms BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO perform on social media
datasets. It accomplishes a

greater ACF network density, higher performance rate, and comparatively lower over the less dense WA
dataset. Heuristic overlap across six distinct social media-based datasets for community recognition
algorithms. According to this study, the performance rate of the community detection algorithms BSO,
GLOA, HSA, HGFA, SBA, SEOA, ICA, and TLBO varies with network density over social media
datasets. It obtains a greater performance rate in dense ACF networks and a significantly lower one in
weakly packed WA datasets. Additionally, across the greater dense network, TLBO and ICA are able to
extract a higher informative community.In addition, SEOA and HAS need to achieve greater outcomes
with the less dense

V. CONCLUSION AND FUTURE WORK

In order to provide a thorough analysis of overlapping community structure on social networks, this
research is regularly faced in daily life, and resolves community discovery that aligns with an approach
that has never been used previously. The investigation and analysis have shown that the methods created
for identifying overlapping communities in social networks offer answers to this issue by focusing on a
single goal. This research also provides a comparative examination of six distinct social media-based data
sets using meta-heuristic overlapping community recognition techniques.This study found that the
performance rates of the community detection algorithms BSO, GLOA, HSA, HGFA, SBA, SEOA, ICA,
and TLBO varied with the density of the social media data set. It achieved greater performance rates in
the dense ACF network and significantly lower ones in the minimally packed WA data set. Additionally,
across the greater dense network, TLBO and ICA are able to extract a higher informative community.
Simultaneously, the less dense networks produce superior outcomes for SEOA and HSA.
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Abstract

This paper presents a multi-purpose function-based parliamentary
optimization (MPPOA) community detection methods. Initially, the
population of parliamentary optimization algorithm (POA) was
created in a python environment for the data used. The population
formed was divided into a certain number of groups, and the power
values of each group were calculated. While strong groups show
joining according to the determined combination probability value,
the vulnerable groups are eliminated from the population according
to the determined deletion probability. The result for the problem has
been approached. The program steps continued until all groups were
combined and the termination condition of the algorithm was met;
the individual with the highest eligibility values among the remaining
data in the last stage was accepted as the solution to the overlapping
community discovery problem of the proposed algorithm.
Subsequently, performs a proposed work evaluated over one artificial
and four real network-based social media data sets. The comparison
of feature evaluation is carried out to identify the influence of single
and multi-purpose functions on community detection performance.
Finally, this paper gives a comparative analysis of proposed MPPOA
algorithm worth three heuristic overlap community detection
algorithm over six real social media data set.

Keywords: Classification, Community detection, Eligibility values,
Multi-purpose function, Parliamentary optimization algorithm, Seed
community, Single function, Social media.

Introduction

The purpose of the World Wide Web (WWW) is to provide information to
users through websites. In Web 1.0 sites, this presentation is one-way,
and users are passive. On Web 2.0 sites, some active users produce and
share content. Web 2.0 tools that use social interaction possibilities are
called social media. In these environments, users use social networking
sites, blogs (blogs), wikis (knowledge pages) and forums
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(discussion boards) to share and discuss their experiences, knowledge. [1,
2] Among the general features of social media; participation, openness,
conversation, community, and connectivity.[3,4] Social networking sites
are web-based services that enable individuals to create profiles and
connect with other userswithin a certain system. Profile presentation
indicates how they connect with other users (such as friends, fans,
followers); It provides both communications with new people and
meeting of acquaintances. The formation of virtual communities in these
sites means that mobility and interaction are based on user
performances, which increase information dissemination. In social
networks, the efforts of individuals to As a result of the research on the
overlapping community[8—10] discovery problem in social networks, it
has been seen that many of the algorithms developed

previously for community discovery solve this problem by using a single
goal. At the same time, it has been determined that there are many newly
discovered and proposed socialbased algorithms.[11-14] One of these
algorithms is the Parliamentary Optimization Algorithm (POA).[13] POA
simulates real-life parliamentary elections.[15] The optimization process
in the algorithm begins with the creation of the individual population
first. These individuals are considered members of Parliament. In the next
step, the population is distributed among some political groups, and a
fixed number of highly suiTable members are selected as candidates for
the group. The principal members of the group head towards the
candidate members, and after the orientation process, the candidate and
leading members of the group are recalculated. The calculated new
candidates and principal members are used to calculating the strengths
of the groups. Strong groups join forces, while vulnerable

groups are wiped out to keep their power from waning. When the
termination condition of the algorithm is met, the best individual solution
to the optimization problem in the population is accepted. The freshly
proposed POA was used within the scope of this research paper. The
specified algorithm has not been used previously for the problem of
overlapping community discovery in social networks. The algorithm has
been applied for the first time in this work to discover communities that
overlap in social networks; that is, a community member can be included
in another district by using both single-purpose and multi-purpose
functions.[14] With the new method developed, the modularity of social
networks was provided by using a single-purpose part. The proposed
method has been tested on a synthetic dataset. Then, a single-purpose
algorithm developed by adding a new objective function to optimize the
internal density in communities in the network was transformed into a
multi-purpose form. Thus, using POA and multipurpose optimization
together, the first proposed algorithm for overlapping community
discovery problems in social networks was developed. The rest of the
paper is organized as follows: Section.2
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gives bird’s eye over the Parliamentary optimization Algorithm; Section.3
presents Single and Multi-purpose function-based community detection
Methods; Section.4 covers the experimental set-up and performance
evaluation of the Proposed overlapping community detection algorithm
and finally, Sect.[8] concludes the paper and outlines the founding and
future work. Parliamentary Optimization Algorithm (POA) The
parliamentary system, a system of government making and regulating
laws, is also known as parliament tsarism. The people elect members of
Parliament in general elections. People often vote for their favorite party.
Members of Parliament who are members of political parties support
their parties in parliamentary elections. Parliamentary groups of
members based on the party they belong to strive to gain superiority over
other parties in the competition between parties. In almost all democratic
countries, the parliamentary population is formed by political parties.
There are two systems in parliamentary elections, the majority election
system and the proportional representation system. While only one
member is elected from each constituency in the majority electoral
system, several members may be selected from one constituency in the
balanced representation system. Generally, each political party presents
their list of candidates, and voters can choose the political parties to vote
for. Parties are given seats in the Parliament in proportion to their
votes.[16] Members of political parties within or outside Parliament have
different power values. These members of the party strive with little
power to make a good impression on other noble members. They make
this effort to get their support and votes during the elections. Essential
members of the party get involved in races and try to find support among
the

noble members. On the other hand, Noble members tend to be more
resourceful and often vote for those they trust. Inthis process, high-
capacity general members are replaced with previous candidates. This
part of the competition takes place between individuals within the party.
Another race of the algorithm takes place between parties. Parties
complete to increase their power. Parties have two main objectives for
success: having the highest number of seats in Parliament and taking
control of the government.[16] In the Parliamentary Optimization
Algorithm (POA), optimization steps begin with creating the initial
population of individuals. The individuals created are considered
members of the Parliament. In the next step, the population is divided
into political groups (parties), and the candidate for the fixed number of
member groups with the highest fitness is considered. After this step, the
in-group competition starts. In the in-group competition step, the leading
members turn to the candidate members suiTable for them. This
situation is modelled as the weighted average of vectors of principal
candidates,[16] as shown inthe POA flow chart, i.e., Figure 1. At the end
of the in-group competition step, several
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candidates with the highest qualification are determined as the final
candidates for each group. In the next step,

the final candidates compete with the candidates of other groups.
Principal and candidate members of the group are

essential in determining the total power of the group. After the intra-
group competition step, the competition between groups starts. Political
groups within Parliament compete with other groups to strengthen their
candidates. Strong groups sometimes unite and become one group to
increase their chances of winning. Algorithm 1 shows the process steps
of POA

Algorithm 1 Stepwise explanation of Parliamentary Optimization
Algorithm(POA):

o Start

¢ The initial population is created.

(a)The population is divided into M groups consisting of L individuals.
(b)The highly fit individual is selected as the candidate for each group.

Chaw praspruilantions bw allwtcloel fratar Pl prrosogen
waf L bl linimls s ‘T Ees 68 lend v folo-
enllm s b §laes Dnbpmlvesmi Dlbaserses auies olaslane—
L L R B e s 8 PO e M T R

T

s

T tiaes GancEnlaiatlon

i A R swnes

3829




Journal of Namibian Studies, 33 S1 (2023): 3826-3852 ISSN: 2197-5523 (online)

00000
00000
00000
00000
00000

Figure 2: Segmentation of the population

(c)In-group competition

(a)The prominent members head towards the candidate members of
each group.

(b)New candidates are appointed.

(c)Calculate the power of each group.

e Competition between groups

(a)The most influential group is determined, and these groups are
combined with Pm probability.

(b)The weakest group Pd will likely be deleted.

¢ If the termination condition is not met, step 3 is repeated.

e The best candidate is considered the solution to the optimisation
problem.

e Stop.

L]

Figure 3: Orientation Mechanism determined
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Figure 5: Representation of the initial population
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MPPOA Framework for Community Detection over Social Media

Each individual is the principal member or candidate of the
given group. Individuals’ strengths are calculated according
to the determined fitness function.

Population Segmentation
To form the starting groups, the population is divided into
M groups of L individuals.
N=M-sl 2

M is as in Equation 2, where N, M and L are positive
integers. High fidelity 8 < L3 candidates are determined
as candidates for the groups. In this step of the algorithm,
all groups have an equal number of members. During the
algorithm's operation, groups can obtain different numbers
of individuals due to the merger and collapse mechanism.
Figure 2 shows the division of an initial population into 3
groups of 5 candidates each. The sofid blue symbols in the
Figure 2 represent the candidates of the group.

In-Group Competition

After replacing the candidate and the leading members, the
group's principal members head towards the candidates. The
arientation process is directly proportional to the weighted
averages of the vectors connecting a member to candidates.
Each candidate is weighted to increase his or her candidate
eligibility, as shown in Equation 3.

Dot

In the formula, n is a random value ranging from 0.5 to
1, allowing the algorithm to search for candidates within
the focal search space. A principal member is replaced only
if the fitness value is high. After the referral process, the
fitness value of top members is higher than that of candidate
members, Figure 3 shows the orientation mechanism. m, is
a full member, and miis a candidate member. m is the new
paosition of the leading member.

The vector of eligibility value of candidates belong to
a@mmunityer: = [#c Lew, 2. w1 8)}and efigibility value
of candidates; evs = eve. 64 L ovei 8 + 1,,.., 004 L.

The strength of the group, including the principal members
of the group, is calculated by Equation 4.

m-wa--Mﬂlcfxszn H‘]

m = ms 4+ T

Stremgth' =

In the equation, mand n are the weighted constants of
the candidate and principal members.

2.4 Competition between Groups Strong groups
sometimes join and unite in a group to increase their
strength. A random number is generated to accomplish
the merger, and if this number is less than pm, the most
influential group in A number is determined and combined
into a group. The vulnerable groups are deleted during the
algorithm to maintain the power value and reduce the value
function. Figure 4 shows the merger of the two groups. As
in combining, a random number is generated, and if the
number is less than PD, groups with a minimum power of y
are eliminated,""!

Termination of the situation

At the end of the algorithm, a group wins the race, and the
best member of this group is considered the solution to the
optimisation problem. There are two cases of termination:
The algorithm is terminated when the maximum number of
iterations is reached or if no significant improvement in the
fitness value is observed due to some successful iteration.”™

Multi-purpose Overlapping Community
Detection With POA (MPPOA)

Objective functions play an important rofe in optimisation
problems so that muttiple purposes will be used with POA.
Many objective functions have been proposed, especially
for community discovery. If G [V, E) is accepted as a non-
directional chart; n = |V | and m = |E| happens. 5 is the
set of nodes in the aroup, and k is the number of nodes
in the set -k = || s the number of sides in the set
51 = |{(uv): ueSvels}|

5 is the number of edges within the boundaries of the set 5.
s = | {(wy): ues v /e 5}|d{u)isthedegreeofnoded.
Some objective functions that measure the quality concept
of a cluster using the given definitions are given below18
Conductance : A metric that calculates the total volume of

links pointing out of the cluster.
re) =z i5)

Expansion : Returns the average number of external links for
each node in the cluster.

Fis) =% (6

Internal Density : S is the density of the internal links in the
cluster.

1) = o = m

Cut Radio : It 15 the ratio of all possible links leaving the
cluster.

'r{S) = i-l:- i |:3]

Mormalized Cut :

fﬁ}z":.l:-ts'*—f{s} :'.IIII—:l-ibtza B:I
Maximum QDF : it is the ratio of external links to internal links
for each node in cluster 5.

o 1 g GLAL S = (10)

Average ODF :Itis li:é?uerage ratio of connections of nodes
outside of the cluster.

rE) =1%u ss—‘—-’L“‘:'l':l' : i

Flake ODF : It is the ratio of nodes in the § cluster with fewer
connections outside the cluster than inside the cluster,

F )= e wes) prusy valyjcdim) 2y “1]

As mentioned in Ehe previous section, POA is initiated
with the creation of the initial population. This population
of individuals is considered to be members of Parliament.
Individuals produced between 0 and 1 ([1,[2,...,Im) form
the initial population. The starting population is expressed
& given in Figure 5.

In the matrix, k is the total number of nodes in the
natwark. In this step, the population is divided into M groups
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Average ODF : It is the average ratio of connections of nodes outside of
the cluster.

(11) Flake ODF : It is the ratio of nodes in the S cluster with fewer
connections outside the cluster than inside the cluster.

(12) As mentioned in the previous section, POA is initiated with the
creation of the initial population. This population of individuals is
considered to be members of Parliament. Individuals produced between
0 and 1 form the initial population. The starting population is expressed
as given in Figure 5. In the matrix, k is the total number of nodes in the
network. In this step, the population is divided into M groups

Figure 6: A typical network structure of L individuals each. At this stage, a
multi-purpose method was used to determine the candidates of the
group. One of the objective functions is modularity in the network.
Expanded modularity has been proposed to identify overlapping
communities.11 Modularity allows measuring the quality of specific
sections in the network. Calculates the strength of the network by
comparing the distribution of links within the network. Extended
modularity is given in Equation 13. ...............(13)

Cni given in the equation is the number of ensembles to which the node
v belongs, is the element of the neighbour matrix of the network. value is
1 if there is a connection between i and j nodes; otherwise, it takes deal
0. di P is the degree of node i, and e is the total number of links in the
network. It has been observed in the literature that a high modularity
value indicates strong community structures. For this reason, it is
expected that the value will take its maximum value in this multi-purpose
study. Another objective function used in this step of the algorithm is the
internal density criterion given in Equation 7. A small value must be
obtained from the given equation to get a strong ensemble structure. (14)
Where is the total number of node in network? In this step of the POA, a
multi-purpose method has been proposed to determine the group’s
candidates by combining two objective functions (Equation 15). The value
of a is an input value used to emphasize one of the purposes. Those with
high-cost value in the equation are accepted as candidates for the groups.
In the in-group competition step, the group’s permanent members turn
to the candidate members according to Equation 3. After the orientation
process, the candidate and principal members of the group are
determined again, and the power of the group is calculated according to
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Equation 4. After the intra-group competition step, powerful groups unite
in one group to

increase their strength. If a significant increase in algorithm steps is not
observed, the termination condition is met. At the end of the algorithm,
a group wins the race, and the best member of that group is considered
the solution to the multipurpose overlapping community discovery. (15)
Comprehensive Analysis of Proposed Algorithm In this paper, a multi-
purpose method for community discovery with POA is proposed, and the
experimental results for the proposed algorithm are tested on different
data sets. POA was carried out for a single purpose.[17] In this part of the
study, the program implemented in Python environment for both a single
goal and a multi-purpose approach was applied to artificial and real
network data. Single-Purpose Community Discovery with POA on
Artificial Dataset For the proposed single-purpose study, first of all, the
way the data is represented was determined. In Figure 5, the data
representation format used for the multi-purpose method is also used for
the single-purpose approach. The effectiveness of the study was first
tested on the designed artificial network. The experiment was carried out
to measure the ability of POA on community discovery. An artificial
network consisting of 9 nodes and 13 connections is given in Figure 6. In
the first step of the algorithm, the starting population was created. These
values were generated in the Python environment. The first population
produced is divided into 3 groups of 10 individuals each. In this case, the
importance of the variables in Equation 2 is given in Table 1.

The values of the parameters in Equation 3 and 4 in the intra-group
competition step of the POA are given in Table 2. In the single-purpose
approach, the objective function used to find the fitness values of the
individuals in the in-group competition step is the formula given in
Equation 13. This formula, called extended modularity, calculates the
strength of the network by calculating the distributions of the links in the
network. The highest 3 individuals among the calculated eligibility values
are accepted as candidates of the group. The fitness values of the
individuals of each group are given in Table 3. Values written in bold in
the Table are accepted as candidates for the groups. According to
Equation 3, other members of the group head towards the candidate of
the group and new candidates are determined. After determining the
new candidates, the of the POA, the highest value in the Table is accepted
as the solution to the multi-purpose overlapping community discovery
problem. According to the Table, the 1st individual is considered the
solution to the problem because he has the highest fitness. The
communities found by the POA for the artificial data set are given in
Figure 7. The algorithm seen in Figure 7 has found two groups. Nodes 5
and 6 belong to both clusters and overlap. The communities to which the
nodes belong are given in Table 6. Nodes in bold represent overlapping
knots. Multi-purpose Community Overlap Discovery with POA on
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Artificial Dataset The efficiency of the proposed multi-purpose study was
first tested on the designed artificial network. The experiment

Variables Values
N 30

M 3

L 10

Table 2: Values of parameters in the intra-group
competition step

Param eters Values
m . 58
n. 2z

Table 3: Eligibility values of Individuals in Groups of the
Artificial Data Set.

Group 1 Group 2 Group 3

@ EV# l BV 1 EV
11 2 111 1.5 121 1.1
12 1.5 112 0.8 122 0.2
13 1.4 113 0.9 123 0.7
14 2 114 0.7 124 1
15 2.7 115 2.1 125 1.4
16 2.9 Ime 0.9 126 2.4
17 2.3 117 0.3 127 o
18 1i5 118 0.4 128 1.1
19 0.6 1o 2.1 129 1.3
1710 0.6 120 7 130 1.2

Table 4: Strengths of the Groups in the synthetic dataset

Groups Strengths of the Groups
1 2.26
2 1.57
3 1.41
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Table 5: Individual Eligibility values in the Artificial Data

Set
] EV# ! EV ! EvV
1 4.6 11 1.5 121 1.4
12 3.8 112 2.1 122 1.3
I3 38 113 0.9 i23 1.1
I 3.8 14 2.1 124 1.4
15 2.7 15 3.4 125 1.4
& 4.6 16 2.1 [26 2.4
I'F 3.8 ITr 2.1 127 1.1
18 3.8 18 1 128 1.4
19 3.8 19 2.1 129 1.4
110 38 20 3.4 130 1.1

Table 6: The communities found for the synthetic dataset.

Communities MNodes
1 1,2,3,4,5,6
2 56,789

Table 5: Individual Eligibility values in the Artificial Data was carried out
to measure the ability of POA on community discovery. An artificial
network consisting of 9 nodes and 13 connections is given in Figure 8. In
the first step of the algorithm, the starting population was created. These
values were generated in the Python environment. The first population
produced is divided into 3 groups of 10 individuals each as shown in
Figure 10. According to the formula given in Equation 15, the fitness
values of each individual in the group were calculated. The highest 3
individuals among the calculated eligibility values are accepted as
candidates of the group. The fitness values of the individuals of each
group. Values written in bold in the Table are accepted as candidates for
the groups. According to Equation 3, other members of the group head
towards the candidate of the group and new candidates are determined.
After determining the new candidates, the Strengths of each group was
calculated, and the values. After the intra-group competition step, the
competition between groups starts. In this step, the strongest A = 2
groups are combined at Pm = 30% or deleted for Pd = 1%. If the groups
do not merge, return to the intra-group competition step. These steps
continue until all groups are united or the

best solution to the problem has been achieved. After all, groups are
combined, the eligibility values of the individuals are given in Table 9. As
stated in the termination condition of the POA, the highest value in the
Table is accepted as the solution to the multi-purpose overlapping
community discovery problem. According to the Table, the 2nd individual
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is considered the solution to the problem because he has the highest
fitness. The communities found by the POA for the artificial data set are
given in Figure 9. The algorithm shown in Figure 9 has found two groups.
Nodes 5 and 6 belong to both clusters and overlap. The communities to
which the nodes belong. Nodes in bold represent overlapping knots.
Multipurpose Community Overlap Discovery with POA on Real-World
Data

In this part of the study, the proposed algorithm was tested on 4 different
datasets, including Zachary’s Karate Club,[19] American College
Football,[20] Dolphin Social Network,[21] Lesmis[22] and to discover
overlapping communities were used as a multi-purpose approach.
Zachary’s Karate Club Data Set Zachary’s Karate Club is a social network
that shows the friendship relationships between 34 members of the
karate club at US University in 1970. For this network consisting of 78
connections, the initial population, the first step of POA, was created in
the Python environment. The first population produced is divided into 2
groups The fitness value of each individual in the group is calculated
according to the cost value in Equation 15, and the principal and
candidate members of the group are determined. Principal and candidate
members are given in Table 7. Individuals written in bold are candidate
members of the groups. After the candidate members are determined,
the competition step within the group begins, and the permanent
members of the group head towards the candidate members. After the
orientation process, the candidate and principal members of the group
are recalculated. The strengths of the groups are calculated using
Equation 4 according to the determined candidates and leading
members. Power values are given in Table 8. After the intra-group
competition step, the competition between groups starts. In this step, the
strongest A = 2 groups are Table 7: Eligibility values of individuals in
groups in Zachary’s Karate Club dataset Eligibility Values
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Table 7: Eligibility values of Individuals in groups In Zachary’s Karate Club datzset

Individuals in Communi
Engitility Values g
n 12 13 M 15 I6 7 18 L) 1o
Commurityl 67392  B5086 71.07 TE48  B146B 10557 80289 BR.54  BGBS9 58077
Commurity2 103275 89352 89721 10341 60876 5487 58356 H2.152 39474 59.346
Tahle 8: Strengtns of tha Groups in Zachany's Karate Club b at US Un versity in 1970, For this network consisting of
Data Set 78 connections, the initial population, the first step of POA,
Groups Strengths of the Groups wias Created in Lhe Python erviconment. The first population
1 9807 produced is dividad into 2 groups The fitness value of each
. indivicual inthe group is calculated according tothe costvelue
2. 91.07 in Equation 15, and the principal and candidate members

Multipumose Community Overap Discovery with
POA on Real-World Data

In this part of the study, the proposed algorithm was tested
on 4 different catasets, including Zachary’s Karate Club,!™
American College Football*™ Dolphin Social Netwark,m"
Lesmis ! and to discover overlapping communities were
used as a multi-purmpose appreack,

Zachary's Karate Club Data Set

Zachary's Karate Club is & social network that shows the
friendship relationships between 34 members of the karate

of the group are determined. Principal and candidate
members are given in Table 7. Individuals writtzn in bold
are cancidate memhers of the groups. After the candidate
mermbers are determined, te competition step within Lhe
group begins, and the permanent members of the group
head towards the candidate members. Afier the orentation
process, the candidate and principa’ members of the group
ere racalculated. The strengths of the groups are calculated
using Equation 4 according to the determined candidates and
leacing memners. Power values are given in Tahle 8, After
the intra-group competition step, the competition Detween
groups starts. n this step, the strongest k = 2 groups are

Table 9: Eligibdlity values of individuals in Zachary's Karate Club datasst

Eligibility Individuals in Community
Values 1 12 3 14 [ Ié 7 I8 4] 110
Community 1 95478 10849 70.254 12196 35505 84865 48321 10673 10776 114EB
Commyanity2 103.275 89352 89721 10341 60876 5481 58356 82152 30474 55346
Table 10: Communitias found for Zachary's Karate Club dataset
Communities Noaes
1 1,2,3,4,5,6,7,8910,11,72,13,14,18,20, 21, 22,29, 30, 31
p) 915,16, 17,19, 20, 23, 24,25, 26, 27.28, 29, 30, 31, 32. 33. 34
Table 11: Eligibil ty values of individuals in groups in the American College Football dataset
o Individuals
Rl Volies I 12 I3 14 L5 16 L7 8] 19 1]
Commurity-1 112356 11635 1012 %881 9323 B7.65 B207  Tode 70591 6533
Commurity-2 5696 5936 5363 5599 5532 54066 5399 53.33 32,60 52
Communrity-3 8945 9045 9430 9833 10079 10324 057 10805 1no61  113.00
Community-4 12456 13536 12336 12656 12596 12536 12476 12416 12356 12296
Community-5  56.78 6923 6832 7632 B209 8786 9363 994 10517 11094
Community-6  89.66 9645 9236 9552 9687 9822 9457 10092 10227 10362
Community-7  79.63 8932 836 B6S 8787 8923 906 91.36 93331 W69
Community-8 9685 9735 9536 9503 9429 9354 928 92.05 9131 9056
Community-9 11623 12536 12136 12611 12868 13124 13381 13637 13894 1415
Commurity-10 16532 12596 15363 13661 13077 12492 11908 11323 10739 10154

solution to the problem has been achieved. After all groups are
combined, the fitness values of individuals. As stated in the termination
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condition of the POA, the highest value in the Table is accepted as the
solution to the multi-purpose overlapping community discovery problem.
According to the Table, the 9th individual is considered

the solution to the problem because he has the highest fitness. The
communities found by POA for Zachary’s Karate Club are given in Figure
11.

MPPOA Fromewiork for Community Detection over Sacinl Media

Table 12: Strengths of the groups in american college foot-  solution to the probiem has been achieved. After all groups

ball data set are combined, the fitness values of Individuals, As stated in
Groups Strengths of the Groups the termination condition of the POA, the highest value in
the Table s accepted as the solution te the multl-purpose
¥ 18,90 overlapping community discovery problem.
i 14,29 According to the Table , the 9th individual Is considered
3. 17332 the solution to the problem because he has the highest
fitness. The communities found by POA for Zachary's Karate
4. 1210 Club are given in Figure 11,
5 1412 The algorithm suggested for Zachary's Karate Club found
& 26,00 2 commuenities, Whike the green and purple coloured nodes
represent these 2 groups, the blue colowred nodes 9, 20, 29,
7 16.90 30and 31 indicate the overlapping nodes belonging to both
a, .18 cammunities, The communities to which the nodes belong
a. 13,67 are given in Table 10, Overlapplng niodes are wiitten in bold
I the Table .
o, 14.78
American College Football Dataset

combined at Pm = 30% or deleted for Pd = 1%, i the groups
do not merge, return to the intra-group competition step.
These steps continue until all groups are united or the best

Modes in the American Coliege Foatball netwaork link foatball
teams, while the games played between the two groups
during the 2000 football season. For this network consisting

Table 13: Eligibility values of individuals in the American College Football data set

; Indieiduals
o it el -1 -2 -3 [ 5 |6 =7 -8 -8 k10
Community-1 9BE8 10239 8906 8595  B2.04 7113 7232 6131 GiA 5749
Cammunity-2 50,12 5224  4BS95 4927 4868 48,1 47.51 4693 4634 4576
Community-3 TB72  B4HR B304 86,53  BA.GD 90,85 9301 95,17 9733 9949
Commumnity-4 10961 11992 108,56 11137 11084 11032 10979 10926 10873 1082
Community-5 4097 6092 6012 6706 7224 773 8239 B747 Q2155 9762
Communmity-& 7B B4,88 81,28 B4.06  B525 B, 44 B7.62 BA.81 80 9119
Community-7 7007 TR6 7248 tear  Tr32 78.52 7972 BO92 BLI3 8333
Community-8 8523 8567 BEI® Bi63  B2Y7 B2.32 BlGE B BO.35  79.59
Community-9 10228 11032 1068 11058 113.24 11549 117,75 12000 12227 12452
Caommunity-10 14548 11084 13519 13022 11508 109.93 10479 9365 945 #9.36
Table 14: Eligibility values of the individuals in the groups in the Dolphin Social Network dataset

Eligibility Values Individuals ln Community

-1 2 -3 L4 -5 ra L7 -8 -9 L
Community-1 12921 1338 11638 113,63 10721 1008 94,38 B7.96 B1.55 7513
Community-2 65.5 68.26 63,597 &4.38 63.62 Gd.86 6109 61.33 6056 508
Communiiy-3 10287 11092 10851 11308 11589  MEY: 11155 13437 1272 13002
Community-4 14334 15566 14186 14554 14485 14496 14347 14278 14209 1414
Community-5 653 79061 T8.57 Br.76 94.4 101.04 10767 11431 12084 12758
Commumnity-& JLERE 110,82 106.21 109,85 111.4 11296 114.51 116,06 76 18Iz
Community-7 957 10272 ™M 99.44 10104 10261 10418 105.75 10732 10889
Community-8 111,38 11185 10966 10928 10843 10757 10677 10588 105 104,14
Community-9 133.66 144,16 13956 14503 14798 15093 15388 15683 15978 16273
Commumity-10 190,12 144,85 17667 157.11 150.38  143.66 136.54 13022 1235 M&I7

3839



Journal of Namibian Studies, 33 S1 (2023): 3826-3852 ISSN: 2197-5523 (online)

The algorithm suggested for Zachary’s Karate Club found 2 communities.
While the green and purple coloured nodes represent these 2 groups, the
blue coloured nodes 9, 20, 29, 30 and 31 indicate the overlapping nodes
belonging to both communities. The communities to which the nodes
belong are given in Table 10. Overlapping nodes are written in bold in the
Table . American College Football Dataset Nodes in the American College
Football network link football teams, while the games played between
the two groups during the 2000 football season. For this network
consisting

Figure 7: Communities found by POA for synthetic dataset

Figure 8: Artificial Network created in Pajek Environment
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Figure 9: Network Structure of 115 nodes and 610 connections, the initial
population, which is the first step of POA, was created in the Python
environment. The first population produced is divided into 10 groups .
The eligibility values of each individual in the group is calculated
according to the cost value in Equation 5.10, and the principal and
candidate members of the group are determined. Principal and candidate
members are given in Table 11. Individuals written in bold are candidate
members of the groups.
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MPPOA Framework for Community Detection over Social Medin

Table 16: Elgibility values of Indhldﬂl;ln the Dalphin Soclal Metwork dataset

) Individus

Eligibility Values 2 1 M kS 16 17 -8 T
Community-1 151.18 156,55 136.16 13295 13544 11783 11043 10292 9541 B1.9
Community-2 Tob4  TO.ET  T485 7533 7444 73.54 785 nis 70.86  69.98
Community-3 12035 12977 12696 1323 13581 13891 42 14552 14882 15202
Community-4 1676 1813 16598 17029 16948 16867 16786 167.06 16625 16544
Community-5 764 9315 9182 10268 11045 11821 12547 13374 1415  148.27
Community-6 12064 13977 12427 12853 13034 13216 13398 13579 13781 13943
Community-7 10794 12008 11082 11639 11822 12006 1219 12373 11557 1274)
Community-8 13031 13098 1283 12786 12686 12586 124386 12385 12285 12185
Community-9 156.3% 16867 16329 16969 17314 17659 18004 18349 18694 19039
Community-10 22244 16048 206.71 18381 17585  16B0B 16022 15236 14449 13663

Table 17: Eligibility values of the individuals in the groups in the Lesmis data set
Eligibility Viakves individeats in Community

-1 -2 -3 -4 L5 & -7 ) Lo 10
Community-1 23259 24084 20948 20454 19299 18144 16988 15833 14678 13523
Community-2 11791 12288 11515 11589 11451 11314 1176 11039 10901 10763
Community-3 18516 19965 19533 20354 Q0862 21371 NBTY 22347 22895 23403
Community-4 25784 2802 23536 261098 26074 2585 25825  257.01 25577 25453
Community-5 1753 14331 14143 15788 16881 18186 19381 20575 NNT 22964
Community-6 18546 19865 19119 19773 20053 20332 20602 20891 21171 2145
Community-7 16483  1B4ES 17049 17906 18188 18471 18753 19036 19308 1%
Community-8 0048 20151 1974 196,71 19517 19363 19209 19054 189 187.46
Community-9 406 3595 15122 105 26636 6T 698 ZELI9 ZETE 291
Community-10 4221 6074 BN 82T IFO69  ISB59 Me49 23439 22229 21019
Table 18: Eligibility values of individuals in the Lesmis data set
’ Individuals

Efigibifity Values

i1 L2 -2 I -5 ] L -8 -2 i1
Community-1 20467 21194 18435 17999 16983 15866 1485 13833 12207 119
Community-2 10376 10813 101.34 10199 100.77 9.56 98.35 9714 9593 9472
Community-3 16294 17569 171.8%9 179.12 18359 188,06 19253 197.01 20148 20595
Community-4 2269  M657 224.71 230,54 22945 22836 22726 26,17 22508 22398
Community-5 10343 12601 124.45 13202 14953 16004 17055 181,06 19157 20208
Community-6 16332 17569 168.24 17401 17646 17882 18138 18384 18563 18376
Community-7 14505 16271 15003 157.57  160.05 16254 16503 16751 170 17249
Community-8 17642 17723 173N 17311 1775 17039 169.04 16768 16632 16496
Community-9 MF: eI 2107 21973 1344 23907 24375 24842 253.09 25076
Community-10 10115 329.45  27BS 14885 238.21 2756 21691 WR2T 19562 18497

After the candidate members are determined, the competition step
within the group begins, and the permanent
members of the group head towards the candidate members.
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MPPOA Framewoirk Lor Comomainity Derection aver Social Media

Table 19: Comparative Analysis of Impact of Social theory on modularity

Classification _Meadularity

Techrigue FRE ACF DCN BLP L (B1]
SEQA 0.5313 0.&6107 0.661 06151 ne12l 04178
ICA 04302 o72mn 06179 0.6714 06122 04192
TLED 0.5137 DL6204 06196 07ne 06217 0.5103
06856,

MFPPOA 0.7456 0.8056 0.7435 08123

07658

Table 20: Comparative Anahysis of Impact of Social theory on Normalized Mutual Information

Chlassification Normalized Mutual information

Techniqua ZKC ACF DCN BLP
f;Fl.;'.:'R l.'!'.ﬂ-'l‘i:'l.P 08233 FI.:-"'IE.\J‘ I'I.é.\'-.l‘l:‘m .
ICA 08651 0.6324 0.5861 05712
TLED 0.8624 07823 07152 0.5251
MPPOA 09087 0BT63 nLE567 07652

After the orientation process, the candidate and principal members of the
group are recalculated. The strengths of

the groups are calculated using Equation 4 according to the determined
candidates and leading members. Strengths of the Groups are given in
Table 12. After the intra-group competition step, the competition
between groups starts. In this step, the strongest A = 2 groups are
combined at Pm =30% or deleted for Pd = 1%. If the groups do not merge,
return to the intra-group competition step. These steps continue until all
groups are united or the best solution to the problem has been achieved.
After all, groups are combined, the eligibility values of the individuals are
given in Table 13. As stated in the termination condition of the POA, the
highest value in the Table is accepted as the solution to the multi-purpose
overlapping community discovery problem. According to the Table , the
2nd individual is considered the solution to the problem because he has
the highest fitness. The communities found by POA for American College
Football are given in Figure 12. The algorithm suggested for American
College Football has found 3 communities. Green, Yellow and Red
coloured nodes represent these 3 groups, while the blue-, pink- and
purplecoloured knots show the overlapping nodes belonging to 2 or 3
communities. Dolphin Social Network Data set This dataset is Doubtful
Sound, a non-directional network of frequent relationships among 62
dolphins living in a closed New Zealand community. For this network
consisting of 159 connections, the initial population, which is the first step
of POA, was created in the Python environment. The first population
produced is divided into 3 groups of 10 individuals each. The eligibility
values of each individual in the group is calculated according to the cost
value in Equation 15, and the principal and candidate members of the
group are determined. Principal and candidate members are given in
Table 14. Individuals written in bold are candidate members of the
groups. After the candidate members are determined, the competition
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step within the group begins, and the permanent members of the group
head towards the candidate members. After the orientation process, the
candidate and principal members of the group are recalculated. The
strengths of the groups are calculated using Equation 4.4 according to the
determined candidates and leading members. Strengths of the Groups
are given in Table 15. After the intra-group competition step, the
competition between groups starts. In this step, the strongest A =2 groups
are combined at Pm = 30% or deleted for P d= 1%. If the groups do not
merge, return to the intragroup competition step. These steps continue
until all groups are united or the best solution to the problem has been
achieved. After all, groups are combined, the eligibility values of the
individuals are given in Table 16. As stated in the termination condition
of the POA, the highest value in the Table is accepted as the solution to
the multi-purpose overlapping community discovery problem. According
to the Table, the 2nd individual is considered the solution to the problem
because he has the highest fitness. Communities found by POA for
Dolphin

Social Network are given in Figure 13. The algorithm suggested for
Dolphin Social Network has found 2 communities. The green- and purple-
coloured nodes represent these 2 groups, while the blue coloured nodes
indicate the overlapping nodes belonging to both communities 4.3.4
Lesmis Dataset Lesmis shows the collaboration of 77 characters in Victor
Hugo’s novel Les Miserables. For this network consisting of 254
connections, the initial population, which is the first step of POA, was
created in the python environment. The first population produced is
divided into 5 groups of 10 individuals each. The eligibility values of each
individual in the group is calculated according to the cost value in
Equation 15 and the principal and candidate members of the group are
determined. Principal and candidate members are given in Table 17.
Individuals written in bold are candidate members of the groups. After
the candidate members are determined, the competition step within the
group begins, and the permanent members of the group head towards
the candidate members After the orientation process, the candidate and
principal members of the group are recalculated. The strengths of the
groups are calculated using Equation 4 according to the determined
candidates and leading members. After the intra-group competition step,
the competition between groups starts. In this step, the strongest A =2
groups are combined at Pm = 30% or deleted for Pd = 1%. If the groups
do not merge, return to the intragroup competition

step. These steps continue until all groups are united or the best solution
to the problem has been achieved. After all, groups are combined, the
eligibility values of the individuals are given in Table 18. As stated in the
termination condition of the POA, the highest value in the Table is
accepted as the solution to the multi-purpose overlapping community
discovery problem. According to the Table , the 9th individual is
considered the solution to the problem because he has the highest
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fitness. The communities found by POA for Lesmis are given in Figure 14.
The algorithm suggested for Lesmis has found 2 communities. The green
and purple coloured nodes represent these 2 groups, while the blue
coloured nodes indicate the overlapping nodes belonging to both
communities. Experimental Set up and Result Analysis Performance
evaluation to detect the impact of single and multi-purpose based
heuristic community detection algorithm has been carried out over six
different graphical

social media data sets, namely Word adjacencies, Zachary karate
club,[19] Dolphin social network,[20] Les Miserables, Books about US
politics and American College football[21] over the evaluation parameter
modularity and normalized mutual information. Modularity is network
structural measurement that evaluate the strength of sub graph (groups,
clusters or communities) in network for extracting community structure.
[23] In a network, group of node having higher modularity are

_ Communiy T ___ _ Community N
B oMo o JoTs (oM o7y Jo3 (078 [ 0467 | 048 [ 074 | 084 043 044 | 040 | 0.
L 043 [0 (003 (0% [07]|055 [018 049|051 [ 099 | 085 | 096 040 047 (023 | 03
7, |00 | 058 [0.34 | 0,75 | 0.60 | 0.65 | 0.60 | 0.30 | 049 | 0.44 | 0.69 | 0,65 051 0.4 | 0.53 | 0.9 |
I, | 043|045 | 035 | 035 | 041 | 0.69 | 038 | 0.55 | 047 | 0.40 | 0.61 | 0.76 047 058 | 0.4 | 0358
[ K 03T (o527 Jo3s o7 (oM [ 67 [ 08l | 080 %;: 043 (079 | 0,70 047 644 | 048 | 038
| L o lose o1 fosl [0 [077 (053|046 ]042] 041 [ 085 ]| 052 057 052 | 045 | 0.42 |
F _loopd | 004 |009 1059 |024 1084 | 085 (098 | 048 | 032 | 032 | 0,53 034 063 | 051 | 016
| &y (041|059 [ 034|075 | 043 |05 [ 0357 [ 068 | 051 | 0,60 | 052 | 0.79 041 0.46 | 0.84 | 0.4
| & 1046 1038|027 |03 /044|078 |0 106] 0681 0361075 | 079 0.8 0361050 | 037
| By | 019 | 075 1634 1041 [ 015 | GF] |06 | 073 | 080 | 0.06 | 095 | 049 0.74 0.5 | 045 | 081
[ By 1037 (043 o4 [047 [057 [034 | 063 [ 046 [ 065 | 040 | 054 | .64 0,73 049 | 067 | 057
[ f; 1037 [ 031 (060 044 | 044|038 [ 036 | 070 | 065 | 045 | 035 | 0.5 [ 3 006 | 0.72 | 0.80
By | 040|000 |034 030 | 021|032 |000 074 |04 ] 054 | 033 | o8 055 035 | 054 [ 034
K |0 D48 | 063 | 040 | 055 | 035 | 057 | 061 | 0.6 | 0.30 | 0.52 | 0.66 0.87 0.50 | 0.49 | D.80
Big | 005|059 [0l6 |o8) |016 |0s0 |09 035 (o004 | 071 | 03% | 0.3) [E1] | 096 | 043 | 054 |
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Figure 10: Initial Population Created for the Multi-objective Algorithm
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Figure 13: Communities found by POA for Dolphin Social Network
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Figure 12: Communities found by POA for American College Football
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Figure 14: Communities found by POA for Lesmis
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Figure 15: Modularity of Community Detection Over ZKC Data Set
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Figure 19: Modularity of Community Detection Over DCN Data Set
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Where, x is the class label, ¢ is the community structure, e is the Entropy
and is the information gain for element for class label x. Performance
evaluation of benchmark community detection algorithm with and
without social theories are shown in Tables 19 and 20 as modularity and
normalized mutual information, respectively. Both the evaluation
parameter is significantly improved after incorporating social theories
with community detection algorithm. The community detection
algorithm Social- Emotional Optimization Algorithm (SEOA), Imperialist
Competitor Algorithm (ICA), Teaching Learning Based Optimization
Algorithm (TLBO), MPPOA gain approximate 53.13%, 43.02%, 51.37%,
74.56% modularity and 81.02%, 86.51%, 86.24%, 90.87% NMI over ZKC
data sets respectively, as shown Figure 15 and 16. MPPOA leads the
modularity over the SEOA algorithm

and NMI information over ICA and TLBO algorithm, whose archive was
best before MPPOA. Whereas over AFC data set, community detection
algorithm SEOA, ICA, TLBO, MPPOA gain approximate 61.07%, 72.11%,
62.04%, 80.56% modularity and 82.33%, 63.24%, 78.23%, 87.63% NMI
respectively, as shown Figure 17 and 18. MPPOA leads the modularity
over the Whereas over DCN data set, community detection algorithm
SEOA, ICA, TLBO, MPPOA gain approximate 66.10%, 61.79%, 61.96%,
74.35% modularity and 79.41%, 71.62%, 58.61%, 71.52%, 85.67% NMI
respectively, as shown Figure 19 and 20.MPPOA leads the performance
over the SEOA algorithm, whose archive was best before MPPOA. SEOA
algorithm leads the modularity, whereas SBA and HSA algorithm achieves
the highest NMI information. Whereas over BUP data set, community
detection algorithm SEOQA, ICA,

TLBO, MPPOA gain approximate 61.51%, 67.14%, 71.19%, 81.23%
modularity and 69.55%, 57.12%, 52.51%, 76.52% NMI respectively, as
shown Figure 21 and 22. MPPOA leads the modularity over the TLBO
algorithm and NMI information over SEOA algorithm, whose archive was
best before MPPOA. Whereas over LM data set, community detection
algorithm SEOA, ICA, TLBO. MPPOA gain approximate 61.21%, 61.22%,
62.17%, 76.58% modularity and 69.55%, 57.12%, 52.51%, 74.59% NMI
respectively, as shown Figure 23 and 24. MPPOA leads the modularity
over the TLBO algorithm and NMI information over SEOA algorithm,
whose archive was best before MPPOA.Whereas over WA data set,
community detection algorithm SEOA, ICA, TLBO, MPPOA gain
approximate 41.18%, 41.92%,

51.03%, 68.56% modularity and 58.22%, 42.68%, 51.22%, 71.25% NMI
respectively, as shown Figure 25 and 26. MPPOA leads the modularity
over the SEOA algorithm and NMI information over TLBO algorithm,
whose archive was best before MPLM POA. The performance of Multi-
Purpose Overlapping Community Detection With POA over social media
data set varies with network density. It achieves a higher performance
rate, higher dense ACF and ZKC network and relatively lower over lightly
dense WA data set.
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CONCLUSION

This paper proposed POA based single and multi-purpose function to
discover overlapped community in social

networks. After the data representation was determined, the single-
purpose algorithm was tested on artificial data with the program
prepared in a python environment, and ensembles and overlapping
nodes were tested. Using the same representation format for data, the
multi-purpose algorithm was tested on artificial and actual world data.
Costumes and overlapping nodes were determined with an approach that
was not previously found in the literature. The proposed algorithm has
been developed to optimise the modularity and internal density of social
networks. The initial population of POA was created in a Python
environment for the data used. The population formed was divided into
a certain number of groups, and the power values of each group were
calculated. While strong groups show joining according to the
determined combination probability value, the vulnerable groups are
eliminated from the population according to the determined deletion
probability. At the same time, this paper presents a comparative analysis
of proposed MPPOA with three meta-heuristic overlapping community
detection algorithms over six different social media-based data sets. This
paper observed that community detection algorithm SEOA, ICA, TLBO
over social media data set varying with network density and its achieves
higher performance rate higher dense ACF and ZKC network and
relatively lower over lightly dense WA data set. Moreover, performance
of MPPOA not to much varying network density. Its extract higher
informative community over the higher dense network as compare to
TLBO and at the same time, gain better results with the lower dense
networks as compare to SEOA algorithm.
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Conclusions

End users' engagement in corporate marketing, political propaganda, educational activities,
entertainment, and commercial activity social media has significantly risen in social media era.

End users' inclination foundation has been facilitated by social media.

participation by forming groups of people who have same interests and viewpoints on a range of
topics, including local global both politics, products, and concerns. Social media behavior,
including likes, dislikes, shares, comments, friends, and profile information, can shape end users'
preferences. In order to tackle the delicate character of community structure social media, this
thesis focuses on overlapping community finding and the decreased engagement of passive like-

minded individuals.

This study solves community discovery that coincides a method has not used previously, and
first presents a thorough assessment on overlapping community structure social networks, is
commonly experienced in everyday life. It have been shown via investigations and analyses that
the methods used to identify overlapping communities in the social networks offer answers to this
issue by focusing on single goal. This article also provides a comparative examination of six

distinct social media based sets using meta-heuristic overlap community recognition techniques.

community detection algo SEOA,BSO, , HSA, GLOA,HGFA, SBA, ICA, and TLBO were
examined in this section in relation to social media sets. The results showed these algorithms
achieved greater performance rates in dense ACF networks and comparatively lower rates in
lightly dense a WA data sets. Additionally, across the greater dense network, TLBO , ICA are
able to extract a higher informative community. The semantic relation-based modularity-
optimized community recognition approach for heterogeneous networks is then presented in this
paper. This part attempts to use content analysis the network try to raise the modularity ratio of
the jointly link analysis and the network. As a result, network was constructed using the similarity

values individuals' shares as indirect linkages.
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Additionally, this study introduced content- and link-based approaches for the greedy hierarchical
clustering algorithm, which makes advantage of indirect connections the network and structure
to guarantee that nodes that are closest to one another are prioritized in both topological and
semantic groups. The influence semantic relations on optimization algorithms, namely
Parliamentary Optimization (POA) and Modularity Optimization (MOA), community discovery
is compared in this section. Ultimately, six real network based heterogeneous network information
sets were used to test modularity and NMI the study that was given, and the results showed a

sufficient modularity rate across the resulting informative community.

Ultimately, this study develops a Parliamentary Optimization (MPPOA) community identification
approach based on Multi Purpose functionality that extracts user space for the purpose influencing
passive last users. In addition, the semantic relation-based modularity-optimized community
recognition technique for heterogeneous networks is presented in this thesis. By combining the
network's content analysis with link analysis, this thesis seeks to improve the network's modularity
value. As a result, similarity values individuals' shares were computed and added as indirect
linkages to the network. Significantly, MPPOA organized a very interesting and dense community.
obtained 94% NMI and around 93% modularity throughout the community structure across several
data set variations. By comparison, MPPOA outperforms best acquired result benchmark
approach with the combination of graphical social theory over 6six distinct actual network data

sets by 2.24% improvement in modularity and 3.57% improvement in NMI, respectively.
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