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General introduction

Context

Networks are widely used in fields such as computer science, physics, and mathematics to model
various types of complex systems. Examples of these systems include biological networks, tech-
nological networks, social networks, and political election networks. Mathematically, a network
can be represented as a graph where vertices signify the network objects, and edges represent

the relationships between them.

One interesting property of complex networks that has attracted considerable attention from
researchers across different disciplines is the community structure. A community is a subset
of nodes within a graph where the connections between these nodes are denser than the con-
nections with the rest of the network. Community detection methods have numerous practical
applications, including cancer detection, product recommendation, link prediction, and software

package refactoring.

In recent years, numerous approaches have been proposed for community detection [27-30].
Generally, community detection can be framed as an optimization problem, where the objective
is to find an optimal solution according to a predefined objective function. Often, optimizing this
objective is NP-hard. Consequently, many studies have focused on using metaheuristic methods
such as genetic algorithms, simulated annealing, and collaborative evolutionary algorithms to

tackle this challenge.

In addition to EA-based metaheuristic optimization techniques, another significant class is
swarm intelligence-based methods, with particle swarm optimization (PSO) being a prominent
example. PSO is inspired by the social behavior of animals, such as fish schooling and bird
flocking. It optimizes a problem by utilizing a group of particles, each representing a candidate
solution. These candidate solutions are updated using simple rules learned by the particles. Due
to its effectiveness and ease of implementation, PSO has become highly popular in the opti-
mization field, leading to the development of numerous variants. However, canonical PSO is

specifically designed for continuous optimization problems.
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Motivation

The motivation behind this scientific report is driven by our keen interest and passion for com-
munity detection within complex networks, specifically using the Particle Swarm Optimization
(PSO) algorithm. With the growing demand for effective community detection systems across
various domains, we recognize the importance of leveraging PSO to address the challenges of
identifying communities and developing accurate, efficient solutions. Our primary objective is
to explore and implement effective techniques in community detection based on PSO, evaluat-

ing their performance and effectiveness.

Through this project, we aim to provide valuable insights, recommendations, and contribu-
tions to the field of community detection. By conducting thorough research and experimenta-
tion, we seek to develop robust and reliable community detection systems that can cater to the
diverse needs of different domains, ultimately pushing the boundaries of what is possible in this

field and paving the way for future innovations.

Objectives

The main objective of this thesis is to design an easy and efficient approach to community detec-
tion in complex networks, based on the Discrete Particle Swarm Optimization algorithm without
prior knowledge about the size of communities and the number of communities. The proposed
approach is evaluated on different types of networks and its performance is compared with the

other community detection algorithms.

Thesis organization

This thesis is organized into five primary chapters, each focusing on different aspects of graph

theory, combinatorial optimization, and community detection within complex networks.

The first chapter, ’Fundamental Notions of Graph Theory” provides a comprehensive in-
troduction to graph theory, covering its applications, essential definitions, and various types of
graphs such as complete graphs, subgraphs, and bipartite graphs. It also delves into key termi-
nologies like adjacency and incidence, degrees, and measures of graph similarity and centrality.
This section concludes with graph representation techniques and addresses some common prob-

lems in graph theory, setting a solid foundation for understanding the subsequent sections.

The second chapter, ”Overview of Combinatorial Optimization” shifts focus to the opti-
mization landscape. It begins by explaining the importance of combinatorial optimization and

the processes involved in solving optimization problems. This section defines optimization
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problems formally, discusses the concepts of global optima and search spaces, and classifies
different types of optimization problems. Additionally, it examines algorithmic efficiency, the
complexity classes, and various optimization methods, including deterministic and probabilis-
tic algorithms, and approaches for solving combinatorial optimization problems. This section
equips readers with the necessary tools and methodologies for tackling complex optimization
tasks.

The third chapter, ”’Community Detection” concentrates on the main focus of the thesis:
detecting communities within networks. It starts with an introduction to the concept of commu-
nities and their structures, followed by a detailed discussion on the objectives and applications of
community detection. Various methods and algorithms for community detection are classified

and evaluated, along with measures to assess the quality of detected communities.

The fourth chapter, ’Community Detection Algorithm Based on Discrete Particle Swarm
Optimization” presents a specific algorithm developed . It includes an introduction, objectives,
related work, and fundamental principles of the PSO algorithm. The proposed algorithm is de-
tailed, covering simple discrete particle swarm optimization, discrete particle swarm optimiza-
tion with a redefined operator, and a modified IDPSO-RO, which includes modularity density,
local search strategy, majority voting, and the algorithm of the modified IDPSO-RO.

The fifth and final chapter, ” Implementation and Experimental Results” describes the
practical aspects of the research. It begins with an introduction to the working environment,
detailing the hardware and software environments, platform and IDE, and libraries used. The
experimental results and analysis follow, showcasing the performance of the proposed algorithm
on various real-world networks, including the Karate Club network, Dolphin network, Ameri-
can Politics Books network, and the American Football network. This section concludes with
a comparison of the results, highlighting the effectiveness and efficiency of the proposed com-

munity detection algorithm. We close our work with a general conclusion and a look to the future.

By exploring the fundamental concepts, specific techniques, and practical implementation
of community detection based on discrete particle swarm optimization, our dissertation aims to

contribute to the advancement of this field



Chapter 1
Fundamental notions of graph theory

Graphs serve as fundamental models for various natural and human-mad structures, finding
application across computer science, physical sciences, biology, and social systems. They of-
fer a versatile framework for representing relationships and dynamic processes. Indeed, graph
theory finds relevance in addressing numerous practical problems due to its broad applicability

across different disciplines [31].

1.1 Application of graph theory

Graph theory is applied across a wide range of fields, including computer science, biology,
sociology, and transportation, due to its versatility in representing and analyzing complex rela-

tionships and systems through graph-based structures [32]:

1. Computer Science:
Graph theory is essential for designing computer networks, developing routing algorithms,
and modeling relationships in databases. Additionally, it underpins various computer sci-

ence algorithms like graph traversal methods.

2. Biology: Graph theory aids in modeling biological networks and analyzing complex pro-
cesses like gene regulation and metabolic pathways. It also supports the analysis of evo-

lutionary relationships represented as phylogenetic trees in phylogenetics.

3. Sociology:
Graph theory plays a key role in social network analysis, exploring the structure and dy-
namics of social networks to understand interactions and information flow. Additionally,

it models the spread of opinions, behaviors, and ideas within these networks.

4. Transportation:
Graph theory is vital for optimizing transportation networks, aiding in route planning,
traffic management, and resource allocation. Additionally, it enhances supply chain man-

agement and delivery scheduling in logistics operations.

4
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5. Other Fields:

* Chemistry: Representing chemical compounds and reactions as molecular graphs

facilitates analysis, contributing to drug discovery and materials science.

» Finance: Graph theory finds application in financial networks, portfolio optimiza-
tion, and risk management, enabling the examination of interconnections and sys-

temic risks within financial systems.

1.2 Graphs

A graph comprises a collection of vertices (also known as nodes or points) and a set of edges (or
lines/arcs) connecting pairs of vertices. Typically, vertices represent objects, while edges sig-
nify relationships between these objects. Therefore, a graph serves as a model for representing

information involving objects and their interconnections.

As in Figure. 1.1. The A, B, C, D and E are called vertices, the lines are called edges, and

the whole diagram is called a graph.

/> (A) (B) \L/« Edge
Vertices \\/®
"

> © ©

Figure 1.1: Graph [1]

1.3 Definitions

1.3.1 Simple Graph

A simple graph is defined as a graph where each pair of vertices is connected by at most one

edge, and no edge connects a vertex to itself [33].For example Figure. 1.1

1.3.2 Un-directed graph

An undirected graph, denoted as G, is composed of a set V of vertices and a set E of edges.
Each edge in E (e € E) connects an unordered pair of vertices, meaning there is no direction

associated with the edges. [34].
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Figure 1.2: An undirected graph with 7 nodes and 7 edges [2]

1.3.3 Directed graph

A directed graph, also known as a digraph G, comprises a set V of vertices and a set E of edges.
Each edge in E (e € E) is linked to an ordered pair of vertices, indicating a specific direction.
Thus, if the edges in the graph G have directions, it is referred to as a directed graph [34].

Figure 1.3: A directed graph with 7 nodes and 9 edges [3]

1.4 Types of graphs

1.4.1 Complete Graphs

A complete graph is a simple graph where every vertex is connected to every other vertex (dis-
tinct vertices) by a single edge. A complete graph with n vertices is denoted as Kn [35]. Below

are a few examples of completed graphs.
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K K, K,

Figure 1.4: Complete Graph Example [4]

1.4.2 Subgraphs

A subgraph of a graph G = (V, E) is a graph G’ = (V’, E’) where the set of vertices V' is a
subset of V (V' C V), and the set of edges £’ is a subset of E (£’ C F) [5].

1)

(Subgraph of G)

Figure 1.5: Subgraph [5]

1.4.3 Null Graphs

A graph that has no edges is referred to as a null graph. A null graph with n vertices is represented
as Nn [36].

U] V2 U3

[ [ ] ®
L L ] ®
":’4 (15 ‘rb‘

Figure 1.6: A null graph N6 with six vertices [6]
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1.4.4 Multigraphs

If a graph permits multiple edges between its vertices, it is referred to as a multigraph. [7]

Figure 1.7: A multigraph [7]

1.4.5 Pseudo graph

A pseudograph is a graph G that includes self-loops and allows multiple edges between vertices.
It is characterized by the presence of loops (edges connecting a vertex to itself) and the possibility

of having more than one edge connecting two vertices [37].

Figure 1.8: Pseudo graph [8]

1.4.6 hypergraph

If edges are defined as arbitrary subsets of vertices, rather than pairs, the resulting structure is

known as a hypergraph(Figure. 1.9) [9].

Figure 1.9: A hypergraph with 7 vertices and 5 edges. [9]

1.4.7 trivial graph

A graph that consists of a single vertex is considered trivial.
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1.4.8 Bipartite Graphs

A graph G is termed a bipartite graph if its vertex set V can be divided into two separate and
independent sets, 1}, and V5. These sets are referred to as the partite sets of G. In a bipartite

graph, each edge connects a vertex from set V1 to a vertex in set V2 [38].

Figure 1.10: A bipartite graph [10]

1.5 Terminologies and basic notation

1.5.1 Adjacency and incidence and neighborhood:

In a graph G, if two vertices are linked by an edge, they are considered adjacent. In our graph

example(Figure. 1.11), vertex v; has two adjacent vertices, v, and vs [11].

€1 €2

V2 €3 V3

Figure 1.11: Illustrate adjacency notation [11]

In a graph G,two edges are considered incident if they have a common vertex. For exam-

ple(Figure. 1.11), edge (v1, v2) and edge (vq, v3) are incident as they share the same vertex v;.

The set of vertices adjacent to v is termed the neighborhood of v, represented as N(v). To
differentiate it from the closed neighborhood, denoted as N[v] = N(v) Uwv, N(v) is sometimes

referred to as the open neighborhood of v [39].



CHAPTER 1. FUNDAMENTAL NOTIONS OF GRAPH THEORY

1.5.2 Degree

The degree of a vertex v in a graph G, represented as deg(v) or d(v), refers to the number of

edges incident to v in G, counting each loop at v twice. A vertex with a degree of 0 is termed an

isolated vertex, while a vertex with a degree of 1 is known as a pendant vertex. [40].

@

Figure 1.12: Simple graph [12]

For example(Figure. 1.12), the degree of A is 4(deg(A)=4), and the degree of B is 5 (deg(B)=5)
in this graph since they have 4 and 5 neighbors, respectively [12].

The maximum degree of a graph G, represented by A(G), is the highest degree among all
the vertices in G [41].
A(G) = max{deg(v) | v € V(G)}

Similarly, we define the minimum degree of a graph G and denote it by 6(G) [41].
5(G) = min{deg(v) | v € V(G)}

The maximum and the minimum degree of the graph in Figure. 1.12 are A(G) = 5,0(G) = 1

1.5.3 Walks, Trails, Paths, cycles

A walk in a graph G is a sequence, denoted as W : vpe vieqvs . . . €,0,, that alternates between
vertices and edges. It starts and ends with vertices, where v;_; and v; are the endpoints of edge
e;. Here, vy is the starting point, and v, is the endpoint of the walk. If vy equals v, (vy = vp),
the walk is closed; otherwise, it’s open. The length of a walk is determined by the number of

edges it contains. A walk with a length of 0 consists of a single vertex [13].

10
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V3

Vg

Ug €6 Uy

Figure 1.13: Graph illustrating walks, trails, paths, and cycles [13]

In the graph of Figure. 1.13, vse;vie1v9e4v4e501 6705906 1S @ Walk .

V1€1U2e9V3€302e101 1S a closed walk.

A walk is termed a trail if each edge it includes is unique. In other words, a walk becomes
a trail when each edge is traversed at most once. Continuing from the previous Figure. 1.13

V1€1V2€4V4€E5V1€7V5 is a trail.

A trail is referred to as a path if all its vertices are unique. In other words, a trail becomes
a path when each vertex is visited at most once, except possibly for the initial and terminal ver-
tices, which may be the same.

Continuing from the previous Figure. 1.13 vgegviejvae0v3 1S a path, vgvyvov3 1s a path.

A cycle is a closed trail where all vertices are unique(closed paths).
Continuing from the previous Figure. 1.13 viejvpe v4e6v5e7v1 1S a cycle.and vivv4v50607 18 @

cycle.

1.5.4 Density of a graph

The density of a graph G = (V, E) is a measure of its connectivity, indicating the number of links
within a network or graph. The denser the graph, the more connected it is [42,43]. To measure
density in a graph, we divide the number of observed edges (the total number of connections) by
the maximum number of possible edges (the number of possible connections) [42].Therefore, it
varies between 0 for an empty graph (the vertices are isolated) and 1 for a complete graph (there

is a link between each pair of vertices). It is calculated by the formula [43]:

£

P=vivi-or

11
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where :
|E| : the number of edges in the graph.

|V | : the number of vertices in the graph.

1.5.5 Clique

A clique, as depicted in Figure. 1.14, is a collection of nodes (vertices) where every pair of nodes
is connected by an edge. A clique is considered maximal if it cannot be included within a larger
clique [44,45].

3-cligue 4-clique 5-clique

Figure 1.14: K-clique example [14]

1.5.6 Measures of graph similarity and centrality
1.5.6.1 Measures of similarity
Let two nodes 1 and j with N; and NV;, represent the set of neighbors of 1 and the set of neighbors

of j respectively.

The similarity between two nodes can be calculated using a number of methods:
1. Jaccard index: For two nodes i and j, the Jaccard index is defined by [46] :

NN N

Jaccard(i, ]) = m
L J

where : NV, is the set of neighbors of i.

Nj is the set of neighbors of j.

|N; NN, is the number of common neighbors of both nodes i and j.
| N; U N;| is the total number of neighbors of both nodes i and j.

2. Cosine similarity: is measured using the following formula [47] :

|N; N N

VNG| [N

Cos(i, j) =

12
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Where:
| N; N N, is the number of common neighbors of nodes i and j.
| N;|.|V;| is the multiplication of the neighbors of i and j.

1.5.6.2 Centrality measure

In order to analyze the positions of individuals relative to others in a graph, centrality mea-
sures are used to characterize them. Several types of centrality have been defined, including the
following:

1. Degree centrality: The most straightforward measure of centrality is degree centrality.
It’s determined by the number of links connected to a node, commonly referred to as its

degree or the count of adjacent neighbors. [48].

2. Closeness Centrality It indicates how close the vertex is to all the vertices in the graph,
and how quickly it can interact with these vertices. It is calculated as the inverse of the
sum of the shortest path lengths between the node and all the other nodes in the graph.
Thus, the more central a node, the closer it is to all other nodes [48, 49], it is formally

written as : .

ZUEV\{’U} dG(u7 ?})

C.(v) =

where dg(u, v) is the distance between vertices u and v, such as the number of edges in the
shortest path between two vertices or the sum of the valuations of these edges for valuated
graphs.

3. Betweenness Centrality: Betweenness centrality is a critical concept in network analy-
sis, assessing the significance of a vertex in information transmission within a graph. A
vertex assumes a central role if numerous shortest paths between pairs of vertices traverse
through it. This centrality metric quantifies the frequency with which the vertex appears

on the shortest path between any pair of other nodes in the graph. [42,50], and is written

Cp(v) = Z 7::(0)

g
sFVF£L st

as follows:

Where:
0« 1S the total number of shortest paths from node s to ¢.

05 (v) is the number of paths between s and ¢ that pass through v.
The centrality Cz(V')of a node is high, if most of the graph’s communiacations pass

through it.

4. PageRank centrality: The PageRank measure was introduced in the late 1990s by com-

puter scientists Brin and Page [51] to rank web pages. It uses user behavior while brows-

13
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ing the Web to rank pages, where pages are represented as graph nodes and hyperlinks as
edges. PageRank indicates the importance of nodes based on the principle that a node’s
importance is the expected sum of the importance of all its connected nodes (neighbors)
and the direction of the edges. Its value corresponds to the probability distribution of ran-
dom access to nodes. In graph theory, PageRank recursively calculates a normalized and
propagated value for each node in a graph [52]. Given x and p as two nodes in a graph G,

the PageRank of x is given by:

PR(p)

PR(z) = (1 —¢) +cx* Zx)m

PEPnitin(

where ¢ is a damping factor with a typical value of 0.85, Pnt;,(x) is the set of nodes
pointing to x, Pntqy(p) is the set of nodes pointed to by p, and | P,y (p)| is the cardinality
of that set. PageRank operates on a directed graph, and the value for a given node is

calculated iteratively based on the PageRank of the nodes pointing to it [53].

1.6 Graph Representation

When discussing graph problems, we primarily use two graph representations: the adjacency
list and the adjacency matrix. Understanding the differences between these two representations

is crucial for effectively addressing graph-related challenges.

1.6.1 Adjacency Matrix

Consider a graph G with a vertex set V' = {vy,v9, ..., v, } and an edge set £ = {ej, ea, ..., e }.
The adjacency matrix A(G) of G is an n x n matrix represented as A(G) = [a;;], Where a;;

denotes the number of edges between the two vertices v; and vj. [41]

vi/0 3 0 0 1 '
vol 3 0 2 0 0 .

vs| 0 2 0 1 1 :

V4 0 0 1 0 1

vs \'1 0 1 1 1

(a) Adjacency matrix representation of G

(b) A graph G [41]

Figure 1.15: Matrix and A graph G

14
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In a simple graph G, each entry of its adjacency matrix A(G) is either zero or one, and the

main diagonal of the matrix exclusively comprises zeros. [41].

vv /0 1 1 1 1 0
vwl1 0o 1 0o 1 1
vs| 1 1 0 1 0 0
vl 1 0 1 0 1 o0
vs| 1 1 0 1 0 0 V
vw\0 1 0 0 0 0 :

(a) Adjacency matrix representation of G

(b) A simple graph G [41]

Figure 1.16: Matrix and A simple graph G

1.6.2 Adjacency list

An adjacency list is a collection of lists used to represent a graph, where each node maintains
a list of its adjacent vertices. Each list corresponds to a vertex u, and includes the edges (u, v)

originating from u [54].

(A pug & [ X &
5 mue ¢ | mamg 0 [ X
[ _mmd £ [ X/

N — ke

| g 0| X

Figure 1.17: Adjacency list [15]

1.6.3 Comparison

An adjacency matrix requires 0(V?) storage space (where the constant factor is small due to

each entry being just a bit). On the other hand, an adjacency list occupies §(V + E) space.

The storage requirement for an adjacency list is worst-case when the graph is dense, mean-
ing £ = 6(V?). In this scenario, the space complexity matches that of the adjacency matrix
representation. However, the 0(V + E') space complexity of the adjacency list is generally more
efficient for the general case. Additionally, adjacency lists provide faster access to the set of
adjacent vertices for a given vertex compared to an adjacency matrix, with a time complexity of
O(neighbors) for the former and O(V') for the latter [55].
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1.7 Some problems of graph theory

1.7.1 Graph Partition

A graph partition involves reducing a graph to a smaller graph by dividing its set of nodes into
distinct groups. The edges of the original graph that connect nodes from different groups remain
in the partitioned graph. If the number of resulting edges is significantly smaller than that of
the original graph, the partitioned graph may offer advantages for analysis and problem-solving.
Finding an optimal partition that simplifies graph analysis is a challenging task, but one with nu-
merous applications in scientific computing, and task scheduling on multiprocessor computers,
among others [56]. In recent years, the graph partition problem has gained significance due to
its utility in clustering and identifying cliques in social, pathological, and biological networks.

Two common examples of graph partitioning are the minimum cut and maximum cut problems.

So a graph partition problem is to cut a graph into 2 or more ”good” pieces.Note that not all
graphs have good partitions.
Question: Can we certify that there are no good clusters in a graph?

”Good” clusters have the following properties [57]:
* internally (intra) - well connected.
 externally (inter) - relatively poor.

Graph partitioning is a challenging problem(NP-hard problem), often addressed using heuris-
tic methods due to its complexity. These methods generally fall into two categories: local and
global. Local methods, such as the Kernighan-Lin algorithm, focus on optimizing partitions
based on local changes. In contrast, global approaches consider properties of the entire graph
and do not depend on arbitrary initial partitions. One prevalent global approach is spectral
partitioning, which involves deriving a partition from approximate eigenvectors of the graph’s
adjacency matrix, or spectral clustering that groups graph vertices using the eigendecomposi-

tion of the graph Laplacian matrix.

Consider a graph G =(V, E), where V denotes the set of n vertices and E the set of edges. For
a (k,v) balanced partition problem, the objective is to partition G into k components of at most
size v - (n/k), while minimizing the capacity of the edges between separate components [56].
Also, given G and an integer k > 1, partition V into k parts (subsets) V1, V5, ..., Vi such that the
parts are disjoint and have equal size, and the number of edges with endpoints in different parts

1s minimized.

16



CHAPTER 1. FUNDAMENTAL NOTIONS OF GRAPH THEORY

Bad partition Good partition

Figure 1.18: Graph partition example [16]

1.7.2 Clique Detection Problem

Identifying complete subgraphs (cliques) where every pair of vertices is connected by an edge.
Common formulations of the clique problem include finding a maximum clique (a clique with
the largest possible number of vertices), finding a maximum weight clique in a weighted graph,
listing all maximal cliques (cliques that cannot be enlarged), and solving the decision problem

of testing whether a graph contains a clique larger than a given size.

This is useful in social network analysis, bioinformatics, and finding tightly-knit groups

within networks.

2-clique 3-clique

]

4-clique

3-clique clusters

Figure 1.19: K-cliques and k-clique clusters [17]
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Chapter 2

Overview of combinatorial optimization

2.1 Combinatorial Optimization

Combinatorial analysis involves the mathematical examination of organizing, grouping, order-
ing, or selecting discrete objects, often with a finite quantity. Traditionally, combinator ialists

have addressed questions about the existence and counting of these arrangements [58].

Combinatorial optimization is a branch of mathematical optimization focused on identifying
the best object from a finite collection of objects [59].deals with solving problems whose objec-
tive 1s to maximize (gain, performance,...: maximization problem) or minimize (loss, cost,...:

minimization problem) an objective function under certain constraints [60].

In recent years, numerous studies have been published addressing both theoretical and prac-
tical optimization problems using various methods. Exact techniques aim to identify optimal
solutions, while heuristic methods offer feasible solutions when exact approaches fall short of

achieving optimality [61].

Optimization problems are broadly classified into two categories: exact and approximate.
Exact algorithms provide precise solutions to problems, as their name implies. Approximate
algorithms, on the other hand, may or may not yield exact solutions; instead, they offer ap-
proximate solutions. Approximate algorithms are further subdivided into two major categories:
heuristic and metaheuristic algorithms. Heuristic algorithms encompass Local search, Divide
and conquer, Branch-and-bound, Dynamic programming, and more. Metaheuristic algorithms
include evolutionary algorithms, genetic algorithms, scatter search, simulated annealing, tabu

search, guided local search, hill climbing, Iterated local search, and stochastic algorithms. [61].

Why optimization ?

» Countless applications across science, engineering, business, and economics.
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* Optimization is integral to virtually every company.
» Every process can potentially be optimized

* Minimize: time, cost, risk...
* Maximize: profit, quality, efficiency ... [62]

Optimization involves determining the conditions that yield either the maximum or mini-

mum value of a function [63].

2.2 Solving optimization problems

Planning is seen as a structured, logical, and theory-driven approach to analyze and address

planning and optimization challenges. The planning process involves multiple stages. [64]:
1. Recognizing the problem
2. Defining the Problem

* Identify the decision problem
* Identify internal / external objectives
* Determine the input (parameters)
* Determine Constraints
3. Constructing a model for the problem Model is simplification of reality. the quality of

the solution depends on the quality of the model. the founded solution is for the abstract

model and not the original [62]

e Simplified model, exact approach

e Precise model, approximate approach

4. Solving the model

Once we’ve established a model for the original problem, it can be addressed using an
algorithm, typically an optimization algorithm. An algorithm is a systematic set of well-
defined instructions designed to complete a specific task. It begins with an initial state and
concludes with a defined end-state. The objective of an algorithm is to identify a solution,
which could be specific values for decision variables or a particular decision alternative,

aiming to minimize or maximize the evaluation value [64].
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5. Validating the obtained solutions

Once optimal or near-optimal solutions are found, it is essential to evaluate them.

6. Implementing Solutions

Validated solutions must be put into action. This can occur in two ways: Firstly, a validated

solution is implemented once. Secondly, the model is utilized and solved repeatedly.

2.3 Formal definition of optimization problem

An instance of a combinatorial optimization problem is a pair (X, f) where [62]:
e X is the set of feasible solution (solution space, search space)
e f: X — Ris the objective function to optimize
e X is defined by input parameters and constraints

In discrete (or combinatorial) optimization, our focus is on optimization problems in which
the set of feasible solutions X for every instance / = (X', f) is discrete. In other words, F is

either finite or countably infinite.

In general, a combinatorial optimization problem P(X, f) can be defined as follows [65]:

Opt f(z)
subjectto  g;(z) >0, i=1,...,m
hj(l')zo, jzl,,p

reX

where Opt represents Minimize or Maximize. g; Inequality constraints and /; Equality

constraints of the problem

The objective in addressing an optimization problem is to discover high-quality solutions.
Ideally, these solutions should either pinpoint optimal solutions z* (global optimum), near-
optimal solutions # € X, where the difference between f(z) and f(z*) is minimal, or at the

very least, locally optimal solutions [64].

2.3.1 Global optimum

A solution z* € X is a global optimum if: [66]
* Vo € X: f(2*) < f(z) ( minimization problem)
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* Vo € X: f(z*) > f(x) ( maximization problem)

Maximum
Maximum > local

Global /\

Minimum {'_____y
local
Minimum
Global

—_—

B
>

Figure 2.1: Global optimum and Local optimum [18]

2.3.2 Search Spaces

In optimization models, the search space X is implicitly determined by the definition of decision
variables x € X. Various essential aspects of search spaces include metrics used for assessing
similarities between solutions in metric search spaces. Neighborhoods in a search space are
established according to the metric utilized. Additionally, in combinatorial search spaces where
a metric is defined, the concept of fitness landscape can be introduced. All these aspects of

search spaces aid in the identification of locally and globally optimal solutions [64].
+ X is solution space for an optimization problem

* X is empty that means no solution exists and the problem is too constrained

* X is non-empty that means one or more (even finite) optimal solution can exist (with

the same value of f)

2.4 Classification of optimization problem

Most optimization models commonly used [67]:
* Mathematical programing
+ Constraint programing

A constraint programming optimization model shares a similar structure with a mathematical
programming model, consisting of decision variables, an objective function to maximize or

minimize, and a set of constraints [68].
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Mathematical program

Minimize / Maximize f(z1, .....xz,) — objective function (R — R™) subject to [65]:

* Inequality constraints:

g1(T1, ) > by,

oot t) = b
* Equality constraints:

hi(zq,..... T,) = C1,

b i) =

There are many possible ways of classifying optimization problems since it is not well estab-

lished and there is some confusion in literatur.Classification can carried out with respct to [69]

Tableau 2.1: Classification of optimization problem

Terms classified

The existence of constraints

constrained vs unconstrained optimization

The function form(The type of objective
function)

Linear vs nonlinear programming

The type of the value of the designe variable

Discrete vs continuous programming

The nature of parameters in the constraint Or
the objective function

Stochastic vs deterministic programming

The number of decision variable

Finite vs non finite programming

Singlc objective

—| Objective

Multi-objective

—l Constraint

Unconstrained

Constrained

Unimodal

—I Landscape

Multimodal

Composite

Many-objective
Linear

—I Function form

Nonlinear

Discrete

Optimization problems

_| Variables/response

Continuous

Binary
L

Mixed

—I Determinacy

Deterministic

B
H—

Figure 2.2: Classification

Stochastic

of optimization problem [19]
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2.5 Optimization vs decision problem

In complexity theory, one usually considers decision problems instead of optimization problems.

1. Decision problem
A decision problem involves determining whether there is a solution to the problem, with
the resolution limited to answering either “yes” or ’no.” Consequently, it is not required
to find the actual solution [70].

2. Decision Problem Formalism
Formally, an instance of a decision problem can be represented as a binary string s €
{0, 1}* where |s| = k denotes the length of the binary string. We can denote the set of
inputs corresponding to a ’yes” output as X which is a subset of all strings. For an input

binary string s, we have... [70]:

* s € X if and only if the output on s should be <yes>

» s ¢ X if and only if the output on s should be <no>

Consequently, a decision problem can be viewed as simply determining or deciding whether

an input binary string is in set X. Thus, we can define the problem as this set X.

2.6 Algorithm and efficiency

An algorithm designed for an optimization problem offers a structured sequence of instructions
that guides the computational process to address each given instance of the problem. Within the
framework of our considerations, the Turing machine serves as the foundational computational
model. When evaluating efficiency, our focus shifts from actual time measurements(such as
minutes or seconds), to the count of fundamental operations involved. Various metrics can be
employed to characterize an algorithm’s performance in terms of running time. In this context,
we will use the worst-case running time, also known as computational complexity, as our chosen

representation for assessing an algorithm’s overall efficiency.

The Different complexity Classes

a) Class P:

The class P contains all relatively easy decision problems, i.e. those that can be solved
within a polynomial running time [71].This class contains many problems like Merge
Sort,Calculating the greatest common divisor.

Features:

* The solution to P problems is easy to find.
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* P often refers to a class of computational problems that are both solvable and man-
ageable. "Manageable” implies that these problems can be solved both in theory
and in practice. However, problems that are solvable in theory but not in practice

are termed intractable.

b) Class NP:

The class NP is defined as the class of decision problems X that can be solved by non-
deterministic algorithm within a polynomial running time. [72].This class contains many
problems that one would like to be able to solve effectively:Hamiltonian Path Problem,Graph
coloring.

Features:
* Solutions within the NP class are challenging to find due to their resolution by a
non-deterministic machine, but once found, they are easy to verify.

* NP problems can be verified by a Turing machine in polynomial time.

c) Class NP-Hard:

An NP-hard problem is at least as challenging as the most difficult problem in NP, and
it’s a category of problems to which every NP problem can be reduced. [73].example of
problems in Np-hard are: No Hamiltonian cycle.

Features:

* All NP-hard problems are not in NP.

 Verifying solutions for NP-hard problems is time-consuming. Therefore, if a solu-
tion to an NP-hard problem is provided, determining its correctness requires signif-

icant time.
» A problem A is classified as NP-hard if there exists a polynomial-time reduction
from every problem L in NP to A.
d) Class NP-complet:
A problem is considered NP-complete if it belongs to both NP and is NP-hard. NP-

complete problems represent the most challenging problems within NP [74].Some ex-
ample problems include:Hamiltonian Cycle, Vertex cover.
Features:

* NP-complete problems are unique in that any problem within the NP class can be

transformed or reduced to an NP-complete problem in polynomial time.

* If an NP-complete problem could be solved in polynomial time, then any problem

in NP could also be solved in polynomial time.
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Complexity Class Characteristic feature

P Easily solvable in polynomial time

NP Yes, answers can be checked in polynomial
time.

NP-hard All NP-hard problems are not in NP and it
takes a long time to check them.

NP-complete A problem that is NP and NP-hard is NP-
complete.

NP-Hard A

NP-Complete

Complexity

Figure 2.3: The relationships among complexity classes of problem [20]

2.7 Optimization methods

In general, optimization algorithms can be categorized into two fundamental classes: determin-

istic and probabilistic algorithms.

2.7.1 Deterministic algorithms

Deterministic algorithms are primarily employed when a direct correlation between the attributes
of potential solutions and their effectiveness for a given problem is evident. In such cases, the
search space can be efficiently navigated, often utilizing strategies like divide and conquer.
However, if the relationship between a solution candidate and its "fitness” is less clear or com-
plex, or if the dimensionality of the search space is extensive, solving the problem deterministi-
cally becomes challenging. Attempting to do so may necessitate exhaustive enumeration of the

search space, which is impractical even for relatively modest problems. [64]

2.7.2 Probabilistic algorithms

Probabilistic algorithms model or explore a problem space using a probabilistic framework for
candidate solutions. Many metaheuristics and computational intelligence algorithms fall into
this category, distinguishing themselves from deterministic algorithms by explicitly incorporat-

ing the tools of probability in problem-solving. While these algorithms sacrifice the guarantee
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of achieving the optimal solution, they often offer shorter runtimes. This doesn’t imply that the
results obtained are incorrect; they may simply not be the global optimum. However, a solution
that is slightly suboptimal is preferable to one that would require an astronomically long time to
find [64].

Linear programming
Nonlinear programming

~~ Deterministic <

Gradient-based

Optimization q Gradient-free

algorithms '<

Heuristic

- Stochastic

Metaheuristic

Figure 2.4: Classification of algorithms [19]

2.7.3 Solving Combinatorial Optimization Problems

There are two categories of algorithms commonly used to solve combinatorial optimization

problems: exact and approximate algorithms.

2.7.3.1 Exact Methods

Exact methods aim to ascertain the optimal solution definitively by thoroughly exploring the
entire search space, either explicitly or implicitly. While they offer the advantage of guarantee-
ing the optimal solution, their computational requirements can become prohibitively excessive,
particularly for larger problems due to combinatorial explosion and the number of objectives to
optimize. As aresult, the practical applicability of these methods is often limited to smaller-sized
problems. Examples of such generic methods include Branch & Bound, Dynamic Programming,

Constraint Programming, and the Simplex method ... [75].

In the case of NP-hard problems, exact algorithms need, in the worst case, exponential time
to find the optimum. For most NP-hard problems the performance of exact algorithms is not
satisfy factory [76].

* Branch and Bound:

The Branch and Bound Algorithm is a technique employed in combinatorial optimiza-

tion problems to methodically search for the optimal solution. It operates by subdividing
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the problem into smaller subproblems, or branches, and subsequently eliminating certain
branches based on bounds on the optimal solution. This iterative process persists until ei-
ther the best solution is discovered or all branches have been explored. Branch and Bound

is frequently applied to problems such as the traveling salesman and job scheduling. [77].

Dynamic Programming

Dynamic Programming is a problem-solving technique that tackles complex problems by
decomposing them into smaller, more manageable subproblems. By solving each sub-
problem just once and storing the results, it minimizes redundant computations, thereby

offering more efficient solutions for a diverse array of problems [78].

2.7.3.2 Approximate Methods

These methods are used for problems where no algorithms are known resolution in polynomial

time and for which one seeks to obtain a ”good” solution, without any guarantee that it will be

the best. So, they are very useful to be able to approach larger size issues. They bring together

heuristics specific to a Particular POC and metaheuristics. The former is not very reusable (the

methods constructive, greedy, . . .). On the other hand, metaheuristics are more general and

are independent of the processed POCs [75]. In this work, we are exclusively interested in

metaheuristic.

L.

II.

Heuristics:

For some problems, the algorithms are too complex to obtain a result in a reasonable
time, even if one could use a power of phenomenal calculation. We are therefore led to
seek a solution as close as possible to an optimal solution by proceeding by successive
tests. Since not all combinations can be tried, certain strategic choices must be made.
These choices, generally very dependent on the problem treated, constitute what is called
a heuristic. The goal of a heuristic is not to try all the possible combinations before find-
ing the one which answers the problem, in order to find a suitable approximate solution
(which can be exact in some cases) within a reasonable time. In order to resolve problems
and decision-making, heuristics nevertheless find their place in the algorithms that require
the exploration of a large number of cases, because these allow us to reduce their average

complexity by first examining the cases that are most likely to give the answer [75].

Metaheuristics:

Metaheuristics have grown considerably since their appearance in the 1970s. They are
presented by Osman and Laporte (1996) as being approximation methods designed to
many complex optimization problems that could not be solved effectively by heuristics

and methods of classical optimization. These same authors formally define the notion
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of metaheuristic as an iterative process that guides a subordinate heuristic in intelligently
combining different concepts to explore and exploit the research space, and who uses
learning strategies to structure information in order to find efficient solutions as close as
possible to the optimal solution. The development of metaheuristics is part of a sustained
effort invested in the field of combinatorial optimization [75].

The main aim is to ensure a balance between:
- Exploration of search space

- Exploitation of the information gathered during the previous search

we can classify metaheuristics into two large families:

1. Metaheuristics based on a single solution:
- Local search LS
- Simulated annealing SA
- Tabu search TS
- Hill Climbing HC

2. Metaheuristics with a population of solutions:

* Evolutionary algorithms :
- Genetic algorithm GA
- Genetic programming GP
- Evolution strategies ES

- Evolution programming EP

* Swarm intelligence algorithm:
- Particle swarm optimization PSO
- Ant colony optimization ACO
- Artificial Bee Colony ABC
- Bat Algorithm BA
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Metaheuristics
Single-solution based Population based
Metaheuristics Metaheuristics
Evolutionary Swarm-Intelligence
Algorithms Algorithms

Figure 2.5: Metaheuristic taxonomy
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Figure 2.6: Classification Of Combinatorial Optimization Methods

29



Chapter 3

Community detection

3.1 Introduction

Numerous complex systems across various domains like biology, computer science, linguistics,
and commerce can be abstractly represented as networks. A prevalent characteristic of many
networks is the presence of regions with higher density of connections compared to others.
These regions are commonly known as communities, representing groups of nodes that exhibit
stronger connections among themselves than with other nodes in the network. Therefore, the

objective of community detection is to categorize network members into such groups [79].

To detect communities in a given network, we need an easy and practical representation such

as a graph.

3.2 Communities

The notion of communities in graphs has no formal definition. However, the existence of ar-
eas that are more densely connected than others is the result of the presence of graph structures
whose nodes have grouped together into communities due to their similarity or common inter-
ests [80].

Here we give two definitions of communities, one semantic and the other structural [42,81]:

* Semantic definition: A community comprises nodes that share similar interests or char-

acteristics or have the same profile.

* Structural definition: A community consists of nodes that exhibit strong connections
among themselves while having weaker connections to nodes outside the community in

the graph.
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Figure 3.1: A simple graph with three communities

3.2.1 Community structure

The group of communities discovered in the network is called the community structure It is
represented as : C' = (4, Cy, (s, ..., Cy, where C it is the community structure, C7, Cs, ...

represent the communities [43].

For example, in Figure. 3.2 the communities are : C, =(1,,2,3,4,5,6,7,8,9), Co=(10,11,12,13,14,15),

C5=(16,17,18) and the community structure is C' = C', Cy, C3 .

community 1

community 3

Figure 3.2: The community structure of an example network

The community structure where some nodes overlap is known as the overlapping community

structure (see Figure. 3.3). The community structure where all nodes are non-overlapping is

known as a disjoint community structure. [81].
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Figure 3.3: A simple network with two overlapping communities

Community detection involves identifying network nodes that are more densely intercon-
nected than others, thereby forming cohesive groups. These groups are then constructed based
on a similarity measure, typically reflecting shared interests or characteristics, to categorize

users into related classes [82].

3.3 Community detection

The search for community partitions is one of the main problems associated with network anal-
ysis. The methods for solving it have been the subject of a great deal of work, since the seminal

article by Girvan and Newman.

Community detection is a network analysis task aimed at identifying groups of closely re-
lated entities in a network. The aim is to find subgroups of entities that have stronger links to
each other than to entities outside the group [83].

3.3.1 Objectives of community detection

The goals of this concept of communities include the following objectives [84]:

* The aim of community detection is to uncover novel relationships and extract hidden
properties within a network represented as a graph. This process aids in comprehending
the underlying structure of the network, revealing valuable information, and facilitating

various analytical tasks.

* Enhancing network comprehension: By identifying cohesive groups of nodes, this process

facilitates a deeper understanding of the network’s organization and dynamics.

* Provide a summary of the network structure.
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+ Identifying key players: Understanding the central nodes or influential actors within com-
munities helps in pinpointing critical elements that impact the network’s stability and

functionality.

* Revealing new insights: Community detection uncovers novel insights and properties
within the network, offering valuable information for various analytical tasks and decision-

making processes.

* Study the similarity among individuals within the same community to measure the extent

of interaction, and subsequently quantify the strength of their relationships.

* Understanding collective behavior: By studying community structures, researchers gain
insights into collective behavior, preferences, and trends exhibited by groups of individ-

uals.

» Understanding which way people lean politically and what they like or think about prod-
ucts on the market.

* Analyzing interactions: Community detection allows for the analysis of interactions among
individuals within the same group, providing insights into the strength and nature of their

relationships.

* Implementation of a marketing strategy (recommendation systems): based on knowledge
of the community as a whole, we can identify the different profiles (or common inter-
ests grouping together members), and then we can distribute (advertising, personalized

recommendations, etc.) precise information to a well-known set of users.
* Solutions for minimizing / maximizing diffusion.

* Enhancing network efficiency: By optimizing community structures, network efficiency
can be improved, leading to better communication, resource allocation, and overall per-

formance.

* Facilitating targeted interventions: Knowledge of community structures enables targeted
interventions and strategies tailored to specific groups, such as marketing campaigns or

security measures.

3.3.2 Applications of community detection

There are many applications for community detection. Here are just a few:

a) Application in biological and public health
Detection of communities in biological networks is of great significance, such as protein

networks, food webs, metabolic networks, etc.... In protein networks, it has been applied
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b)

d)

to detect protein complexes [85].

In the health domain, community detection is commonly employed to uncover the dynam-
ics of specific groups vulnerable to epidemic diseases. It is also utilized for identifying
diseases such as cancer and tumor types. Moreover, community detection plays a role in
organ detection [86].

Application in criminology

Community detection is employed to identify groups of criminal users, which may consist
of real individuals or bot accounts. These groups may promote or disseminate criminal
ideas or engage in activities resembling terrorism. By applying community detection,
these criminal networks can be identified, followed by manual analysis to further under-

stand their dynamics and behaviors [86]

Application in Social Network Analysis:

Community detection serves as a valuable tool for comprehending communities at a net-
working level and correlating them with real-life relationships. For instance, applying
community detection to social networks like Facebook, Twitter, and LinkedIn offers in-
sights into their structures. Social Network Analysis stands out as one of the most com-

monly utilized methods for community detection in this domain [87].

Application in politics

In politics, community detection serves to observe the impact of political ideologies or
specific politicians on social groups. Furthermore, it can be tailored to monitor the evo-
lution of this influence over time. This influence is often facilitated by influence or astro-
turfer bots, which aim to create a false impression among genuine grassroots supporters

to endorse a policy, individual, or product campaign [88].

Application in Recommendation Systems

Recommendation systems play a crucial role in our daily lives, assisting us when we wish
to purchase a book online, watch a video, or listen to music on social media platforms.
These systems aim to suggest items that align with our preferences and interests. Com-
munity detection, on the other hand, involves grouping individuals with similar mindsets.
While numerous studies in the literature incorporate community detection into recom-
mendation systems, the primary objective remains to enhance the accuracy and relevance

of recommendations provided to users [89, 90].

Applications Scientific and academic

Community detection algorithms are useful in scientific research. Their usefulness lies
in their ability to classify authors, their publications, the years and places of publication,
etc...These algorithms can predict new relationships between authors (scientific collab-

oration) and can propose new papers to authors according to their profile. This system
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can be reduced to the case of a simple library where we can propose books to students
according to their specialty, analyze the similarity between books and between students,
etc... [91].

+ Complex detection in PPl Nets
+ Gancer detection
- Giene analysis

- Movies
- Books Recommendation

' Terrorist groups
, - Bots (software robots)

5 Community
Detection
~Applications.

- Friend Recommender
- Smart Advertising

Figure 3.4: Some of applications of community detection [21]

3.3.3 Classifications of community detection methods

Numerous classifications of community detection methods have been documented, predomi-
nantly organized around the types of algorithms used and their underlying principles. Santo
Fortunato [80] conducted a comprehensive investigation, categorizing these methods into eight

distinct groups,as follows:

1. Traditional methods: The approach involves the optimal division of graphs representing
networks into k partitions or “clusters,” with k predetermined. One notable algorithm
for this purpose is the Kernighan-Lin algorithm [92]. Initially, the objective was to find
partitions of similar sizes. However, this strict constraint proved challenging to meet
in practical scenarios. Consequently, the approach was relaxed to focus on identifying
communities without specifying exact [93]. Hierarchical partitioning is then guided by a

similarity function, ensuring that ’clusters” consist of nodes with significant similarities.

2. Divisive algorithms: These methods revolve around identifying and removing a charac-
teristic of inter-community links, leading to the disconnection of the graph and the forma-
tion of cohesive components representing communities. The Girvan and Newman algo-

rithm is widely recognized as one of the most prominent approaches in this category. [94].

3. Modularity-based methods Modularity, introduced by Girvan and Newman, serves as
a quality measure utilized by numerous algorithms through optimization or adjustment
processes [95]. However, identifying the optimal partition based on modularity is proven
to be an NP-complete problem. Consequently, alternative approaches like the Louvain
algorithm rely on greedy techniques to offer satisfactory solutions within reasonable com-

putation time.
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. Spectral algorithms These algorithms leverage the concept of a spectrum to delineate
the proximity between nodes. Eigenvectors, serving as temporal propagators in the ran-
dom walk process within the social network graph, are linked to the lowest eigenvalues,
characterizing groups with significant internal coherence [96]. Typically, the Laplacian

matrix is employed as the similarity matrix in this context.

. Dynamic algorithms Simulate dynamic processes where particles influence each other.
For example, particles close to each other tend to share the same state. Among the pro-
cesses applied to Social Network graphs we cite Spin-Spin and synchronization, where

the system progressively unifies all its elements to the same state [97].

. Methods based on statistical inference Similar to Bayesian inference, which encom-
passes generative models and block modeling, these methods operate under the assump-
tion that the graph is generated based on a model that includes node memberships to com-
munities as parameters. The objective is to infer the parameters that would most likely
produce the observed data [42].

. Methods to find overlapping communities Obviously, a node can belong to more than
one group or community - this is the characteristic of community overlap. The first method
to effectively take into account overlap was proposed by Palla in 2005 [98], and other

approaches have subsequently been proposed.

. Multiresolution methods and cluster hierarchy The application of the multi-resolution
paradigm to community detection seeks to incorporate a scaling factor that enables the
detection scale to be determined directly and the characteristic community size to be de-

termined indirectly [99]

Community Detection
Algorithms

Disjoint Community Overlapping Community
Detection Algorithms Detection Algorithms

Local Expansion and
Traditional Algorithms Moirlan't{] based Dynamic Algorithms Optimization
. gorithms . Cligue Percolation
method (CPM)
F‘artiticflal Extremal Randorm Walk Link Graph apd Link
Clustering Optimization Partitioning
H ierarch_ical Spectral Spin Models | | Agerjt based alnd
Clustering Optimization Dynamical Algorithms
Spectral Clustering Greedy ‘ Synchronization | Fuzzy Detection
! Optimization

Statistical Inference
based methods

NMF and PCA based
Simulated Annealing ‘ methods

Graph Partitioning Genetic Algorithms

Figure 3.5: Classification breakdown of algorithms for community detection [22].

36



CHAPTER 3. COMMUNITY DETECTION

3.3.4 Community detection algorithms
3.3.4.1 Newman-Girvan algorithm

This is the most classic separative method, which introduced a centrality measure called Edge-
Betweenness Centrality to partition a graph. This centrality measure is defined as the number
of shortest paths between two nodes that pass through an edge. This algorithm is particularly

intuitive [81].

The idea behind this algorithm is as follows: if a link is frequently found on the shortest
paths between graph nodes, then it is not within a given community, but connects distant por-

tions of the graph (distinct communities) [42].

The first step is to calculate this edge betweenness for all the edges in the graph, then remove
the edge with the highest betweenness. This process is iterated until the last edge is removed. In
a second phase, starting from the edge-free graph, the edges are reintroduced in reverse order,
providing a very fine-grained hierarchy of the network, since by adding an edge linking two
communities, we add a hierarchical level, the two communities being grouped together in a

bigger community [100].

(@) (b)

Figure 3.6: Exemple of Girvan-Newman algorithm

The Girvan-Newman algorithm would eliminate the edge connecting nodes C and D (Fig-
ure. 3.6b) because it possesses the highest strength. Intuitively, this indicates that the edge lies
between communities. Following the removal of an edge, the betweenness centrality must be
recalculated for all remaining edges. In this scenario, we have reached a state where every

remaining edge shows the same betweenness centrality [101].

3.3.4.2 Louvain algorithm

The Louvain community detection algorithm, initially introduced in 2008, serves as a rapid
method for uncovering communities within extensive networks. This technique relies on modu-
larity, aiming to enhance the disparity between the observed number of edges within a commus-

nity and the anticipated number of edges. However, optimizing modularity within a network is
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NP-hard, necessitating the utilization of heuristics [102]. The Louvain algorithm is structured

into two phases that iteratively repeat:

* Local moving of nodes
+ Aggregation of the network

it starts with the assumption that every node is a community, then groups every two adjacent
nodes into a single community by maximizing modularity. It comprises two phases. First, it
searches for ”small” communities by optimizing modularity locally (separately, at the level of
each community). Secondly, it groups the nodes of the same community and builds a new net-
work whose nodes are the communities, with the sum of the weights of the edges between the
two communities as weights. These two phases produce a new hierarchical level of community
partitioning, and the algorithm stops when none of the mergers from the first phase improves

modularity any further [84,103].
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Figure 3.7: Example of two phases in Louvian Algorithm [23].

The Louvain community detection algorithm reveals communities during the process, mak-
ing it popular due to its easy implementation and fast execution. Nonetheless, a significant

drawback lies in its requirement for storing the entire network in main memory.

3.3.4.3 The Label Propagation algorithm (LPA)

The main idea of this algorithm is that each vertex (X) in the network is assigned a unique la-
bel (its own community) [104], then (X) determines its community based on the labels of its
neighbors. (X) belongs to the community containing the largest number of neighboring nodes,

an iterative process is executed so that the groups of connected vertices can reach consensus on
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a label giving rise to a community, at the end of the propagation process, nodes with the same
labels are grouped together into a single community [105].

The algorithm works as follows [106]:
* Every node is initialized with a unique community label (an identifier).
* These labels propagate through the network.

+ Atevery iteration of propagation, each node updates its label to the one that the maximum

numbers of its neighbours belongs to. Ties are broken arbitrarily but deterministically.
» LPA reaches convergence when each node has the majority label of its neighbours.

» LPA stops if either convergence, or the user-defined maximum number of iterations is

achieved.
O O
o® o®
@ Q. @) @)
0® | *OOO °® .OO
e 09 ¥ O o 9% o0
e O [ “o o © o
.r® ® O e @ © @

Figure 3.8: Two representative examples of label propagation [24].

3.3.5 Measures to evaluate the quality of community structures

Currently, there are a number of measures available to evaluate the efficiency of community

detection algorithms.Some of These metrics include :

3.3.5.1 Modularity (Q)

This is one of the metrics frequently used to measure the quality of community detection in
networks, and was proposed by Girven and Newman in 2004. Networks with high modularity
have dense connections between nodes within modules, but sparse connections between nodes
in different modules. Modularity (Q) is defined by [107, 108]:

Q- — > (Aij - k2 kj) 5(ci, ¢;) 3.1)

- m
Z7J

where :

A;;: Represents the network’s adjacency matrix.
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¢;: Represents the community to which node 1 is assigned.
c;: Represents the community to which node j is assigned.
k;: Represents the degree of node i.

k;: Represents the degree of node j.

m: Is the number of edges in a network.

Thus, the function 0(c;, ¢;) can be defined as follows:

L,
(5(01', Cj) =
0, otherwise.

if nodes ¢ and j are in the same community,

The value of Q ranges from -1 to +1. The closer the value is to 1, the greater the strength of the
community structure in the network, and the better the quality of community detection [108].
3.3.5.2 Normalized mutual information (NMI)

It is a similarity measure that estimates the similarity between two partitions A and B; whereA
represents the real partition of the network and B the partition detected by experimental com-

munity detection algorithms. It is based on information theory [109].

For two partitions A and B of a network, the value of NMI is calculated by equation [107]:

Ca C Nij N
=232 25 Nijlog <NiNj>

NMI(A, B) — Ca N, Cy N.:
>y Nilog (Wz) + 2]‘:1 Njlog (WJ)

(3.2)

where:

A: represents the actual partition of the network.

B: the partition discovered by the community detection algorithms.

C'4: represents the number of communities in partition A.

Cp: designates the number of communities in partition B.

N: represents the total number of of vertices in the network.

N;;: represents the number of identical of vertices in community i in partition A and the ;%
community in partition B.

N;: is the number of vertices in real community i (the sum of row 1 of matrix N;;).

N;: 1s the number of vertices in calculated community j (the sum of column j).

The NMI value can vary between 0 and 1. The closer the NMI value is to 1, the more similar

the two partitions are.

In other words, when two partitions A and B are completely different, then NMI(A, B) = 0.

40



CHAPTER 3. COMMUNITY DETECTION

If NMI takes its maximum value, which is 1, then partition A corresponds exactly to partition
B.

3.4 Communities in real-world networks

In the literature, a collection of real data sets exist in the form of graphs, which are not designed
at random but are based on real social properties. In other words, these networks graphically rep-
resent human behaviors that can be exploited and analyzed. There are many real-life networks,

but here are a few of the most popular:

3.4.1 Zachary’s karate club network:

The Zachary karate club network [110], illustrated in Figure Figure. 3.9, is a well-known net-
work regularly used as a reference for testing community detection algorithms.This network

comprises two communities.

Figure 3.9: Zachary’s karate club network

The graph comprises 34 vertices and 78 edges, representing members of a karate club in the
United States over three years. The edges denote interactions observed outside club activities.
A conflict between the club president and the instructor resulted in the club splitting into two
factions, supporting either the instructor or the president (denoted by squares and circles). Ob-
serving Figure. 3.9, two distinct clusters are evident: one centered around vertices 33 and 34

(with 34 representing the president), and the other around vertex 1 (the instructor). [110].
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3.4.2 Dolphin network

The Dolphin Network [111] was developed by authors who observed the lifestyle of dolphins
that have long lived in the magical fjords of New Zealand. It is a network of social relationships
between dolphins. The frequent exchanges between dolphins constitute a connection between
different dolphins, consisting of 62 nodes and 159 edges (see Figure. 3.10). The nodes represent
the dolphins and the edges represent the interactions (the frequent associations between each two

dolphins) between the dolphins. This network comprises two communities, male and female.

Figure 3.10: Dolphin network

3.4.3 American football network

Another example of a real network is the American soccer game network [112]. It represents
the schedule of matches between American soccer teams during the year 2000. This network
is made up of twelve communities (see Figure. 3.11), 115 nodes and 613 links. Each node

represented a football team, while each edge represented the relationship between two teams.

] R
' K o R

5
=

Figure 3.11: American football network [25]
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3.4.4 American Politics Books Network

This dataset is the Amazon co-purchasing network with 105 books on American politics. There
are 441 edges (see Figure. 3.12). The nodes are books and the edges represent the co-purchase

of books by the same buyers. The network has 3 communities: Democrats, Republicans and
neutrals [94, 113].

37

Figure 3.12: American Politics Books Network [26]

43



Chapter 4

Community Detection Algorithm Based on

Discrete Particle Swarm Optimization

4.1 Introduction

Finding groups in complex networks is important for understanding how things like social net-
works, biological systems, and transportation systems are organized. But current methods for
doing this can be really complicated and slow and need prior knowledge about the size of com-
munities and the number of communities, especially when dealing with big networks with lots
of different parts.So, we need new ways to find these groups that work well and are fast. In
our research, we came up with a simple and efficient method using something called discrete

particle swarm optimization (DPSO) algorithms.

In this chapter we present fundamental Principles of Particle Swarm Optimization Algo-
rithm. Then See Improved discrete particle swarm optimization algorithm have been suggested
by [114] and how it work. Lastly Introducing a modification to the community detection method

based on discrete particle swarm optimization.

4.2 Objectives

This research aims to present a fresh methodology for community detection in intricate networks

through DPSO algorithms. Our specific goals are:

* Formulate a discrete particle swarm optimization algorithm customized for community

detection in complex networks.

* improve algorithm can detect community structures more efficiently without prior knowl-

edge about the size of communities and the number of communities.

* Design a simple method that is easy to implement and applicable to complex networks.
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+ Evaluate the efficacy of the devised approach in precisely delineating communities across

diverse network categories.

» Compare the performance of our method with existing community detection techniques

concerning both the accuracy of community detection and computational efficiency.

+ Validate the scalability of our method and its adeptness in managing complex networks

show heterogeneous structures.

4.3 Related work

In recent years, numerous community detection methods have been developed, each employ-
ing different strategies. One significant branch of these algorithms is the optimization-based
approach, which frames community detection as a combinatorial optimization problem. These
methods identify community structures by optimizing a predefined evaluation criterion that re-

flects a specific property of the community, such as modularity.

A kind of classical approach to community detection is to transform the problem into an
optimization problem and identify the community structure by optimizing specific objective
functions, such as modularity and module density [115]. There are three notable optimization
algorithms used for this purpose: the Kernighan-Lin algorithm [116], the genetic algorithm
(GA) [117,118], and the particle swarm optimization (PSO) algorithm [119, 120].

The Kernighan-Lin algorithm detects communities by maximizing a gain function [116].
However, it has the limitation of only being able to divide the network into two communities at
a time, rather than identifying all communities simultaneously. Additionally, it requires prior

knowledge about the size of the communities, which restricts its applicability in practice.

Genetic algorithms are commonly employed for community detection [117, 118]. Firat et
al. use a random walk distance metric in a genetic algorithm for clustering [117]. However, its
applicability is limited due to the need for prior knowledge about the number of clusters. Piz-
zuti introduces a multiobjective genetic algorithm (MOGA-Net), which optimizes two objective
functions: community score and community fitness [118]. Despite its potential, MOGA-Net
faces several challenges, including an excessive number of parameters, slow convergence rate,
and low success rate. Additionally, the parameter used to control community size is difficult to
define.

In [119], Chen used similarity-based clustering to identify core areas in the network, fol-

lowed by a modified PSO algorithm to optimize modularity in a newly constructed weighted
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network. However, the treatment of isolated nodes, which impact the PSO algorithm’s per-
formance, was not addressed. Duan et al. proposed a Web community detection model using
PSO [121], which efficiently detects communities without prior information, but it is limited to
finding only two communities at a time and has stability issues due to network feature neglect
during initialization. A discrete PSO algorithm was used in [120] for community detection, but
it could only identify two communities per iteration, making it unsuitable for multi-community
networks and lacking problem-specific optimizations. Cai et al. presented an effective discrete
PSO paradigm for signed network community detection, but it did not incorporate local search

strategies to enhance algorithm performance [122].

The particle swarm optimization (PSO) algorithm is characterized by its few parameters, fast
convergence, and ease of implementation. It has been widely applied to the NP-hard problem
of community detection in complex networks [119,120]. One of the key advantages of the PSO
algorithm is that it does not require prior knowledge about the size or number of communities.

Therefore, in this recherche, we choose the PSO algorithm to detect community structures.

4.4 Fundamental Principles of PSO Algorithm

The Particle Swarm Optimization (PSO) algorithm was introduced by Eberhart and Kennedy in
1995, drawing inspiration from the collective foraging behavior of bird flocks [123]. In PSO,
a group of individuals is deployed within the search space of a problem or function. Each in-
dividual assesses the fitness function at its current position and adjusts its movement based on
a combination of its current position, its best position found thus far, and the best position of
the entire population. Iterations proceed until convergence towards an optimal solution of the

fitness landscape [124].

Consider a population of m individuals in a D-dimensional search space. Each individual’s
position is represented by a D-dimensional vector, X; = (z;1, 9, ..., 2;p). The fitness func-
tion evaluates the suitability of an individual’s current position, providing a fitness value for
each individual. This fitness value informs the individual’s position quality. The best position
an individual has ever attained is denoted as P, = (p;1, pi2, .- .,Dip), Where i = 1,2,... m.

The optimal position discovered by any individual within the population is represented as P, =

(pglanga s 7pgD)-

Shi and Eberhart incorporated a novel parameter, the inertia weight, into the initial particle
swarm optimization algorithm [125]. Studies have indicated that a larger inertia weight w fosters
global exploration, whereas a smaller value promotes local exploration. The update equations

for velocity and position are as follows:

46



CHAPTER 4. COMMUNITY DETECTION ALGORITHM BASED ON DISCRETE PARTICLE SWARM OPTIMIZATION

Vig = W * Vg + ¢1 x rand() * (pig — xiq) + c2 * rand() * (pga — Tid) 4.1)
Tid = Tig + Vid 4.2)
Wmax — Wmin
= Wiy — XTI Curlt 4.3
W W Totallter .~ et (4.3)

Here, i ranges from 1 to m, and d ranges from 1 to D). cl and ¢2 represent constants, w
denotes the inertia weight, and wy.x and wy,;, signify the maximum and minimum values of w.
Curlter denotes the current iteration count, while Totallter represents the maximum number

of iterations.

4.5 The proposed algorithm by authors

PSO algorithm Originally developed for continuous function optimization,but many problems
are discrete in practical applications, as seen in community detection problems. In these cases,
position values must be constrained to integer spaces, prompting adaptations of the PSO algo-

rithm for such scenarios.

So Cen Cao, Qingjian Ni and Yuqing Zhai proposed 2 algorithm ISDPSO and IDPSO-
RO [114] to deal with discrete problem like community detection .

4.5.1 Simple Discrete Particle Swarm Optimization

The Improved Simple Discrete Particle Swarm Optimization (ISDPSO) algorithm maintains
traditional velocity and position update formulas but incorporates two modifications. Firstly,
it introduces a rounding operation in velocity updating to ensure integer values. Secondly, it
incorporates a modulo operation in position updating to constrain values to integers within the

range of the network’s node count.

The update formulas of velocity and position in ISDPSO algorithm are as follows [114]:

vig = round(w * vig + ¢ x rand() * (pbest; — x;q) + c2 x rand() * (gbest — x;4))  (4.4)

Lig = (ZL’id + Uid) mod N +1 (45)
w — W

= et T Curlt 4.6

v Totallter x Luriter (4.6)

Where N represents the number of nodes in the network, x;q is an integer ranging from 1 to N,

w denotes the inertia weight, and wp,, and wy;, represent the maximum and minimum values
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of w respectively. Curlter denotes the current iteration count, while Totallter represents the

maximum number of iterations.

4.5.2 Discrete Particle Swarm Optimization with Redefined Operator

The position of an individual denotes a community detection configuration encompassing nodes
and their neighbors, collectively forming a problem’s search space. A fundamental challenge in
enhancing discrete PSO algorithms lies in representing an individual’s velocity and position, as
will be elaborated on later. Another pivotal challenge involves redefining velocity and position
update formulas to align with the discrete representation of the community detection problem
within the basic PSO framework. To address this, they [114] introduce the Improved Discrete
Particle Swarm Optimization with Redefined Operator (IDPSO-RO) algorithm.

The update equations for velocity and position in the IDPSO-RO algorithm are outlined
below [114]:
Vid = W ® Vig @ cl @ (Pig © Tiq) D 2 @ (Pga © Tia)

(4.7)
Tid = Tig D Vid

The operational rules for the velocity and position update formulas in the IDPSO-RO algo-
rithm are specified as follows [114]:

I. Velocity Update (Definition 1 - Operator ®): When the velocity V' is multiplied by a
constant ¢, it will generate a random number within the range of [0, 1]. If the random

number is less than ¢, then the result is V/, otherwise, the result is 0.

V, ifrand(0,1) < ¢
cV =
0, otherwise

Pseudo code:

Algorithm 1 Operator ®
Input: ¢, V
Output: Result

1 if Random() < c then

2 ‘ Result <~V

3 end

4 Result + 0

Exemple:

If we have ¢ = 0.5, V; ,where each value in the array represent a node velocity,And if
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rand() > c in the case node 2(value 3), the result would be :

Vil 8 6 3 7 Result:| 8 6 0 7

II. Velocity and Position Update (Definition 2 - Operator ©): This operator can be applied
to add velocities and velocity or add a position and velocity. The result of adding 1/ and
V5 is either V; or Vs:

Vi, if (Vi #0and V5, =0) or
VieV, = (Vi # 0and V5 # 0 and rand(0, 1) < 0.5)

V5, otherwise

Pseudo code:

Algorithm 2 Operator @

Input: V1, V2

Output: Result

if V1 # 0 and V2 = 0 then
\ Result < V1

else

if V1 # 0 and V2 # 0 and Random() < 0.5 then
| Result + V1

10 else

1 ‘ Result < V2

12 end

13 end

o 0 N & W

Exemple:

If we have V1, V2,where each value in the array represent a node velocity.

Vil 8 6 3 7

Result:| 2 4 3 7

Vol 2 4 0 3

* We have V1=8,V2=2, V1 and V2 not equal 0, it mean we look at rand(0,1), if rand()
< 0.5 the result would be V1=8, otherwise the result is V2=2.in our case its 2 because
rand() > 0.5 ,same in the case V1=6,V2=4.

* in the case V1=3,V2=0 the result is V1=3 because V2=0 and V1£0.
* in the case V1=7,V2=3.the result is 7 because (V1 and V2 #£0) and rand() < 0.5
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When updating an individual’s position, the new position is calculated by adding the pre-
vious position to the current velocity. If the current velocity is 0, the position remains
unchanged. However, if the velocity is non-zero, the position and velocity of the individ-

ual are swapped to update the position.

X1, if Vo =0
X190V =
X1V, ifVi#0
Pseudo code:
Algorithm 3 Update position &
Input: X1, V1
Output: X1, V1
14 prev_position < []
for each node in X1 do
15 | if V1[node] = 0 then
16 | X1[node] < X 1[node]
17 else
18 prev_position[node] <— X 1[node]

X1[node| + V1[node]
V1[node] < prev_position[node]
19 end

20 end
21 return X1, V1

Example:
V1 where each value in the array represent a node velocity,X1 where each value in the

array represent a node position.

Xi| 8 6 3 7 new X1:| 2 4 3 3

il 2 4 0 3 new V1:| 8 6 0 7

* In the case X1=8, V1=2, and V140 , the result would be swap the position and the

velocity, the result are shown in the new X1, new V1.

* In the case X1=6, V1=4, and V140 , the result would be swap the position and the
velocity, the result are shown in the new X1, new V1.

* In the case X1=3, V1=0, because V1=0 the result stay unchanged.

* In the case X1=6, V1=4,the result would be swap the position and the velocity be-

cause V1£0 , the result are shown in the new X1, new V1.
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III. Position Subtraction (Definition 3 - Operator ©): This is the inverse operation of Op-
erator €, and it is suitable for the subtraction of two positions. When position X; is not

equal to X, the result is X; otherwise, the result is 0.

X, ifX; # X,
O, le1 :X2

X1@X2:

Pseudo code:

Algorithm 4 Operator subtract ©
Input: X1, X2
Output: result
22 result < ||
for each node in X1 do

23 if X1[node|] # X2[node] then
24 | result[node] < X1[node]
25 else

26 | result[node] 0

27 end

28 end

29 return result

Example:

If we have X1, X2 where each value in the array represent a node position.

X 2 6 3 3
result: 0 6 0 3

Xo| 2 4 3 7

* Inthe case X1=2,X2=2, we have X1 = X2 so by applying the previous definition the

result would be 0.

* In the case X1=6,X2=4, we have X1 # X2 so by applying the previous definition
the result would be X1=6.

* In the case X1=3,X2=3, we have X1 = X2 so by applying the previous definition the

result would be 0.

* In the case X1=3,X2=7, we have X1 # X2 so by applying the previous definition
the result would be X1=3.
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Community detection using the PSO algorithm doesn’t require prior knowledge of commu-
nity size or quantity. Typically, community modularity (which we saw in Chapter 3) serves as
the PSO algorithm’s fitness function, with the individual yielding maximum modularity chosen
as the optimal solution. Each individual in the population corresponds to nodes in the network,
encoded as an N-dimensional variable X; (X; = (z;1, Zi2, . - -, Tig, - - -, Tin )3 1 < 259 < N)rep-
resenting a community detection scheme. Each dimension of X; signifies a node, If the value

of the 7*" dimension is j, it indicates that node i and node j belong to the same community.
During population initialization, each node identifies its network neighbors based on the

connections between nodes. The position value of an individual’s i*" dimension corresponds to

the serial number of a randomly selected node from its neighbors.

Tableau 4.1: A visual representation illustrating how individuals are encoded in PSO

Individual |1 |2 |3 (4 (5|6
Position 2111151615

Figure 4.1: Schematic diagrams of the network and the community detection result

4.5.2.1 Fitness function and Pseudo code:

Community modularity (Q) is often used to compare different community detection results,which
has been described in detail in chapter 3 (3.3.5), and it also can be regarded as the fitness function

in optimization algorithms.

- 2m 4 2m
Z7‘7

Q = L Z (A” — kl . kjj) (S(Ci,Cj) (48)

1, ifnodes ¢ and j are in the same community,
5(61‘, Cj) = )
0, otherwise.
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Algorithm 5 Calculate fitness(modularity Q)
Input: particle position
Output: Q
Initialize num_nodes to the number of nodes in the graph
Calculate the number of edges in the graph and store it in m
Create an array ’degrees’ containing the degree of each node in the graph
Initialize () to 0
for each edge (node;, node;) in the graph do
Calculate community delta: 1 ifparticle position[node i] equals particle position[node j],

else 0
Update Q: @Q+ = (1 ifthe graph has an edge between node i and node j, else 0) —
degree of nodeii;iegree of node j < community_delta
end
Q:Q/=2xm
return ()

4.5.2.2 community correction strategy

The PSO algorithm for community detection can be sensitive to network structure due to the in-
herent randomness in updating velocities and positions. This can lead to unstable outcomes and
fragmented communities. To improve accuracy, a community correction strategy leveraging

network connectivity characteristics is proposed in reference [114].

In the PSO algorithm, each dimension of an individual’s position corresponds to a node in
the network. If the ith dimension of the position is 7, it implies that node 7 and node j belong to
the same community. The community correction strategy identifies the communities to which
all nodes in the network are assigned based on the best individual’s position obtained. Sub-
sequently, it corrects each dimension of the best individual’s position, ensuring correction for
every node in the network. To prevent potential entrapment in local optima, this correction is ap-
plied after specific iterations: 1/4 of the T'otallter, 1/2 of the T'otalIter, 3/4 of the Totallter,
and at the T'otalIter.

In the community correction strategy, a node’s community assignment depends on com-
munity influence, determined by the proportion of community C' among its neighbors. This
influence reflects the theory of community detection, where the number of edges within a com-
munity exceeds those between nodes outside it. The community influence CommInf(A; C')
for node A is calculated based on the proportion of community C' in its neighbors ,calculated
as [114]:

N(A) =) n(4;0). (4.9)

l

n(A,C)

CommInf(A,C) =1—e¢ N . (4.10)
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n(A; C) represents the number of nodes that are neighbors of node A in community C. N(A) is
a fixed value for node A, so the community influence CommInf(A; C) increases as n(A;C)

increases. CommlInf(A;C) ranges from 0 to 1.

The community correction strategy in the PSO algorithm iteratively examines all dimen-
sions of the best individual’s position. Each dimension corresponds to a node in the network.
Community influence, calculated using equation 4.10, determines the community MaxI with the
highest influence. Nodes within Maxl are randomly assigned serial numbers to the corrected
position dimension, updating the best individual’s position for the next iteration. This strategy
leverages network connectivity knowledge, accelerating PSO convergence and reducing search

time.

Figure 4.2: Schematic diagram of community correcting strategy

Algorithm 6 Community Influence Calculation
Input: Graph GG, Node, List of communities
Output: in fluence of each node in each community
Initialize
in fluence < List(int)
neighbors < list of neighbors
total_neighbors < length of neighbors
foreach neighbor € neighbors do
foreach (community) € (communities) do
if neighbor € community then
| influence[i] < influenceli] + 1
end
end

end
foreach (i, count) € influence do
| influenceli] < 1 — exp(—count/total_neighbors)
end
return in fluence
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Bellow Algorithm 6 [114] outlines the process of a community detection method incorpo-

rating a community correction strategy.

Algorithm 7 A novel community detection method based on ISDPSO and IDPSO-RO algo-
rithms
1: Initiate the number of nodes N in the network and configure the parameters for the PSO
algorithm;
2: Create a population consisting of /V individuals with random velocities and positions in D
dimensions, based on the connections among the nodes in the network;
Set current number of iterations Curlter to 1;
while The termination condition is not satisfied (Curlter # Totallter) do
Calculate each individual’s fitness value;
Compare the individual’s fitness value with its pey,. If the current fitness is better than
Drest; » then assign preg, to the current fitness and assign the current position to p;;
7. Find the individual with the best fitness value. If its fitness is better than gbest, then set
pgy equal to the individual’s position;
8:  Update the velocity and position of each individual,
if Curlter = iTotal[ter or %Total]ter or %Total]ter or T'otallter then

AN L AW

10: Find the community for each node based on the position of the best individual;

11: Calculate the community influence of each node;

12: Correct each dimension of the best individual based on community correcting strategy;
13:  endif

14:  Let Curlter = Curlter + 1;
15: end while

4.6 A modified IDPSO-RO

4.6.1 The architecture of the Proposed System

Our algorithm consists of three main parts:
1) Initialisation of parameters,population,position,velocity and real dataset.

2) Fitness Evaluation and Update velocity,position,personal best,global best,then apply local
search strategy to global best.then we compare,the fitness of the corrected gbest by local

search strategy and the fitness of the current gbest,we select the best bettwen them.

3) Apply majority voting to the final gbest at specific iterations to avoid local minimum.then

find communities based on the corrected gbest by majority voting.

The overall architecture of our system is shown in the Figure. 4.3:
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Figure 4.3: General architecture of the system
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Our approach is based on the Modularity Density as fitness function,local search strategy,
and Majority Voting (We’ll explain them all below).

* Phase 01: Initialization
This phase involves setting up the initial conditions for the algorithm.First we read the
dataset and then we convert it into a graph. It includes initializing the network nodes
and parameters, creating the initial population with random positions and velocities, and

setting the iteration counter.

* Phase 02: Fitness Evaluation and Update
In this phase, the algorithm evaluates the fitness of each individual, updates personal best
positions if better solutions are found, and determines the global best position. The veloc-
ities and positions of individuals are then updated accordingly.And then find community
based on gbest position. Based on the found communities we will correct gbest position
by local search strategy,then we compare,if the fitness of the corrected gbest by local
search strategy greater than fitness of the current gbest, then we choice the gbest of the

local search strategy.otherwise, we choice the current gbest

* Phase 03: Community Detection and Correction
This phase focuses on community detection and refinement. At specific iterations, the
algorithm checks for community structure, calculates the majority voting of each node,
and corrects the global best position based on majority voting. The iteration counter is
incremented, and the process repeats until termination conditions are met.Finally finds

the community based on the corrected gbest position by majority voting.

4.6.2 Modularity Density

According to [126], another form of modularity Q is as follows:

L(V.,V;)) (L(Vi,V)\?
LV, V) (L(W))

Q=2

1

(4.11)

N

K2
where:

N 1is the number of communities,
L(Vi, V,,) represents the sum of the edge weights between nodes in community Vj, and nodes

in community V,,, defined as:
LVi, V)= > Ay

1€V, jEV,
where A;; is the adjacency matrix of the network.

L(V, V) represents the total edge weight in the network, given by:
L(V,V)=2m
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where m is the total number of edges in the network.

L(V;, V') represents the sum of the edge weights between nodes in community V; and all nodes

LVi V)= > Ay

JjEV; keV

in the network, defined as:

A class of methods aimed at maximizing modularity has been developed. However, modularity
has the disadvantage of resolution limits because it contains an intrinsic scale that depends on
the size of the links in the network. When the modules are smaller than this scale, modularity

cannot detect them accurately.

To address this issue, Li et al . proposed modularity density (D) in [126]. Modularity
density evaluates the partition of a network based on the concept of average modularity degree

and overcomes the resolution limit in community detection:

N LV, Vi) = L (Vi, V)

p=> Vi

i=1

where L(V;, V;)/|Vi| and L(V;, V;)/|Vi| represent the average internal and external degrees
of the i-th community, respectively. D tries to maximize the difference between the internal

and external degrees, thereby improving community detection accuracy.

Modularity density D is related to the density of subgraphs and provides a solution to the
issue where () is sensitive to the network size and the interconnections between modules. There-
fore, D can be used to determine if the networks are partitioned into the correct communities.
According to the definition of modularity density D, a larger value of D indicates a more accu-
rate partition. Then Li et al. improved D to a general version by setting a parameter \ to the

proportion of average internal degree and external degree:

i 2AL(V;, Vi) — 2(1 = N L(V;, V7) (4.12)

Vil

D, is a convex combination of ratio cut and ratio association. It aims to maximize the density of
links within a community while minimizing the density of links between different communities.
When A = 1, D, is equivalent to ratio association, when A = 0, D, is equivalent to ratio
cut; and when A = 0.5, D, equals D. Using smaller values of A allows the decomposition of
the network into larger communities, whereas larger values of A result in smaller communities.
This approach enables the discovery of more detailed structures and multiple levels within the
network. In this modified IDPSO-RO we use the Modularity Density D), as fitness function.
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Algorithm 8 Calculate Fitness (modularity Density)
Input: particle position
Output: D lambda
Function calculate_fitness(particle position):
communities < []

L Vi Vi« [ L Vi Vibar < ||

for community in communities do
internal degree sum < 0 ; external degree sum < 0 ;
for node in community do

for neighbor in G.neighbors(node) do

if neighbor in community then

‘ internal degree sum < internal degree sum + 1

end
else
‘ external degree sum < external degree sum + 1
end
end
end
L Vi Vi.append(internal degree sum/2); L Vi Vibar.append(external degree sum)
end
D lambda <+ 0

for internal, external in (L_Vi Vi, L Vi Vibar) do
community_size <— len(communities) ;
if community size > 0 then
terml < (2 x lambda_param X internal) /community_size
term2 < (2 x (1 — lambda_param) x external) /community size
D _lambda < D_lambda + (term1 — term2)
end

end
return D [ambda

4.6.3 local search strategy

We plan to employ a local search strategy closer to the simulated annealing algorithm. Local
search offers the advantage of efficiently discovering optimal solutions and speeding up con-

vergence.

For a given solution C' = {C1, (s, ..., C;}, for each vertex v in C', we compute the connectiv-
ity of vertex v with community C}; (as shown in equation 4.13), where v belongs to C;;. Next, for
the vertex vy, corresponding to the minimum connectivity, we compute its connectivity with
all other communities C';, where C; belongs to C' and ¢ # j. Finally, we adjust vertex vyin to
Chnax, Where vy, and Chax exhibit the maximum connectivity.

For each vertex y;, 0 < 7 < n [127]:
Connect; = f(v;,C;) C;€eC,0<j<k (4.13)
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where C', Cy, ..., C} is a community detection result and & is the number of communities.
The function f() calculates the edges between vertex v; and communities C;, where 0 < j < k.If
community max C,.(Crnae € C) corresponds to the max Connect, adjust v; to Cyqy-

Pseudo code:

Algorithm 9 Calculate Connect
Input: node, community
Output: connect
Function calculate_connect (node, community):
return 1 if neighbor in community else 0)

neighbore G.neighbors(node) (

Algorithm 10 Local Search strategy
Input: gbest position
Output: gbest position
Function local_search (position):
communities <— community(position)
for community in communities do
v_min < min(community, calculate connect(node, community))
max_connect <— None
best community <— None
for other community in communities do
if other community # community then
connect_value < calculate connect(v_min, other community)
if connect value > max_connect then
max_connect <— connect_value
best community <— other community

end
end

end
if best community # None then
community.remove(v_min)
max_connect community=best community.add(v_min)
gbest position[v_min]=max_connect community
end

end
return gbest_position

We gonna use this strategy to correct the gbest position.The steps to do that is bellow :

* Getting Communities:
The function first obtains the communities based on the given position. This could be
a method community(As in our case) that extracts communities from the current gbest

position.

* Finding Node with Minimum Connection:

It then iterates over each community in the list of communities.For each community, it
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finds the node (v,,,;,) that has the minimum connection to other nodes within the same

community. This is done by calculates the connection for each node.

* Determining Best Community to Move Node:
After finding v,,,;,,, it initializes variables max_connect and best community. Then, it iter-

ates over all other communities (other community) except the current one (community).

* Finding Best Community:
For each other community, it calculates the connection value between v,,;, and nodes
in other community. If this connection value is greater than the maximum connection

encountered so far (max_connect), it updates max_connect and best community.

* Moving Node to Best Community:
Ifabest community is found (i.e., not None), it removes v,,,;,, from its current community

and adds it to the best community.

* Returning Updated Position:
Finally, it returns the updated gbest position after the local search operation.

4.6.4 Majority Voting

Given a graph G = (V, E') where V' is the set of nodes and F is the set of edges, and a set of
communities {C, Cs, . .., Ci} the majority voting method assigns each node to the community
label that is most frequent among its neighbors.

where:

* v € V is anode in the graph.

* N(v) is the set of neighbors of node v.

 (; is a community, and ¢(v) denotes the community label of node v.
Steps:

1. Count Community Labels Among Neighbors:
Foreachnode v € V, count the occurrences of each community label among its neighbors:

count;(v) = »  d(c(u),Cy) (4.14)

ueN (v)

where §(c(u), C;) is the indicator function:

6(c(u), C;) =
0 otherwise
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2. Assign the Most Frequent Community Label:

Assign node v to the community label that is most frequent among its neighbors:
c¢(v) = arg max count;(v)
(2

If there is a tie (multiple community labels have the same highest count), a random choice

among the tied labels can be made.

3. Example:
Consider a simple example where node v has neighbors w1, us, us, and their community

labels are c(uy) = C1, c(ug) = C1, and ¢(u3) = Cs. The counts would be:

county (v) = d(c(uy), Ch) + d(c(uz), Cy) + d(c(us),C1) =1+ 1+0=2

county(v) = d(c(uq), Co) + d(c(ug), Co) + d(c(uz),Cy) =04+04+1=1
Since count; (v) > county(v), node v will be assigned to community C}:

c(v) =C}

Pseudo code:

Algorithm 11 Majority Voting
Input: node, communities
Output: community
Function majority_voting(node, communities):
neighbor communities <— []
for neighbor in G.neighbors(node) do
for idx, community in (communities) do
if neighbor in community then
‘ neighbor _communities[idx] += 1
end
end

end
if neighbor communities then
‘ return community with maximum count in neighbor _communities
end
else
‘ return random choice from list of community indices
end
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By using the Majority Voting, each node v will be assigned to community C'; since it has the

most neighbors in that community. This approach helps in clustering nodes into communities

based on local neighborhood information, promoting coherent community structure.

4.6.5 Algorithm of modified IDPSO-RO

Algorithm 12 A modified community detection method based on IDPSO-RO algo

1:
2:

AN N AW

10:

11:
12:

13:
14:
15:
16:
17:

Initiate the number of nodes N in the network and configure the parameters for the PSO;
Create a population consisting of /V individuals with random velocities and positions in D
dimensions, based on the connections among the nodes in the network;
Set current number of iterations C'urlter to 1,
while The termination condition is not satisfied (Curlter # Totallter) do
Calculate each individual’s fitness value;
Compare the individual’s fitness value with its pey,. If the current fitness is better than
Drest; » then assign pueg, to the current fitness and assign the current position to p;;
Find the individual with the best fitness value. If its fitness is better than gbest, then set
pgy equal to the individual’s position;
Update the velocity and position of each individual;
Update gbest based on the local search strategy
Compare the current gbest fitness with gbest corrected by the local search strategy,If its
fitness is better than the current gbest,then set gbest equal to the gbest that corrected by
local search strategy
if Curlter = iTotallter or %Total]ter or %Totallter or T'otallter then
Find the community for each node based on the position of the best individual that
corrected by local search strategy;
Calculate the Majority Voting of each node in each community;
Correct each dimension of the best individual based on Majority Voting strategy;
end if
Let Curlter = Curlter + 1;
end while
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Chapter 5

Implimentation and Experimental results

5.1 Introduction

In this chapter, we introduce the tools and languages utilized to implement the method proposed
in the previous chapter. Following this, we present the results of our method in comparison with

some of the most popular algorithms.

5.2 Working environment

5.2.1 Hardware environment

All our installations and tests are carried out on a computer with the following characteristics:
* Processeur : Intel(R) Core(TM) i15-7200U CPU @ 2.50GHz 2.71 GHz.
* Installed RAM: 8.00 GB.

* System type :Windows 11 Pro Education,64-bit operating system, x64-based processor

5.2.2 Software environment

We utilized Python, version 3.11.1, for our implementation. Python is an interpreted, interac-
tive, object-oriented, high-level programming language created by Guido van Rossum and first
released in 1991 [128].

* Python is Interpreted: meaning it is processed at runtime by the interpreter. This elim-
inates the need to compile the program before execution, similar to languages like PERL
and PHP.

* Python is Interactive:allows you to engage directly with the interpreter at its prompt,

enabling you to craft programs in real-time.
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* Python is Object-Oriented:Python embraces the Object-Oriented paradigm, facilitating

the encapsulation of code within objects for streamlined programming.

Installing Python is free and easy, just download it from the website : https://www.python.org/do-
wnloads/ (See Figure. 5.1).

Python

e python’

About Downloads Documentation Community Success Stories News Events

Compound Data Types

Lists (known as arrays in other languages) are one of the
compound data types that Python understands. Lists can be
indexed, sliced and manipulated with other built-in

. . s e . functions. More about lists in Python 3
[*BANANA®, 'APPLE', 'LIME'] _—

[(e, "Banana'), (1, 'Apple'), (2, 'Lime')]

Python is a programming language that lets you work quickly
and integrate systems more effectively. »» Learn More

Figure 5.1: Python installation website

5.2.3 Platform & IDE

We used Visual Studio Code, commonly abbreviated as VS Code, is a source-code editor crafted
by Microsoft for Windows, Linux, macOS, and web browsers. Its array of features encompasses
debugging support, syntax highlighting, intelligent code completion, snippets, code refactoring,
and integrated version control through Git. Users can customize themes, keyboard shortcuts,

preferences, and augment functionality by installing extensions.

Inthe 2023 Stack Overflow Developer Survey (survey.stackoverflow.co/2023/most-popular-
technologies-new-collab-tools) Visual Studio Code emerged as the top choice among 86,544

respondents for developer environment tools, with 73.71% indicating its usage.
To download and install the appropriate version of the VS code platform based on the

user’s computer operating system and the latest version of Python from the VS code website

https://code.visualstudio.com/
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GitHub Copilot Updated
Recent

@ Get Started with Python Development (Updated

Get Started with C++ Development |Updated

v/ Show welcome page on startup

Figure 5.2: VS code

After the installation of VS code , We need install extensions to add new languages(in our
case python), themes, debuggers, and to connect to additional services. Extensions run in sepa-

rate processes, ensuring they won’t slow down the editor.bellow our extensions installed:

* Python extension for Visual Studio Code:python language support with extension ac-
cess points for IntelliSense (Pylance), Debugging (Python Debugger), linting, formatting,

refactoring, unit tests, and more.

* Pylance: is an extension that works alongside Python in Visual Studio Code to provide
performant language support. Under the hood, Pylance is powered by Pyright, Microsoft’s
static type checking tool. Using Pyright, Pylance has the ability to supercharge your
Python IntelliSense experience with rich type information, helping you write better code

faster.

* Python Debugger:A Visual Studio Code extension that supports Python debugging with
debugpy. Python Debugger provides a seamless debugging experience by allowing you to
set breakpoints, step through code, inspect variables, and perform other essential debug-
ging tasks. The debugpy extension offers debugging support for various types of Python
applications including scripts, web applications, remote processes, and multi-threaded

processes.

5.2.4 Libraries using

A library is a set of predefined functions. These are grouped together and made available so that

they can be used without having to be rewritten. Python is a very rich programming language
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with its libraries.

We have used several packages (libraries) in this work, including :

Tableau 5.1: The libraries used in our work

Library

Description

NetworkX

A Python library designed for exploring
graphs and networks, offering classes to rep-
resent graphical entities, generators to pro-
duce common graph structures, algorithms
for network analysis, and foundational draw-
ing utilities[networkx].

community

A Python library wused for comput-
ing and measuring community struc-
ture[community].

NumPy

is a fundamental Python library for scien-
tific computing, specializing in the manipu-
lation of arrays, essentially vectors and ma-
trices[numpy].

Matplotlib

this is a complete library of the Python pro-
gramming language for plotting and visualiz-
ing data in graphical form (it can be used to
create static, animated and interactive visual-
izations in Python)[matplotlib].

Random

This is a Python module that implements
pseudo-random number generators for var-
ious distributions(Random variable genera-
tors)[random)].

collections

This module implements specialized con-
tainer datatypes providing alternatives to
Python’s general purpose built-in containers,
dict, list, set, and tuple[collections].

sklearn

module includes functions to configure
global settings and get information about the
working environment[sklearn].

metrics

module includes score functions, perfor-
mance metrics and pairwise metrics and dis-
tance computations[metrics].

sklearn.metrics.cluster

sub-module contains evaluation metrics for
cluster analysis results.  There are two
forms of evaluation: supervised, unsuper-
vised, which does not and measures the qual-
ity of the model itself[cluster].

To install the necessary packages, simply type the following codes into VS code Terminal :

* NetworkX: !pip install Networkx.

* NumPy : !pip install NumPy.
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» Matplotlib : !pip install Matplotlib.

Downloading packages requires Internet access.

5.3 Experimental results and analysis

For a community detection algorithm to be considered efficient, the communities found must
be relevant. In our work, the performance of the proposed algorithm has been assessed by an
evaluation metric modularity Q (see 3.3.5 ), using four real-world networks 3.4 (karaty, dolphin,
political books, American Football) , and comparing our results from the modified IDPSO RO
(MIDPSO-RO) with those of the algorithms described in section (3.3.4), namely Newman [94],
Label Propagation [104] and the Louvain agorithm [129], and the original IDPSO-RO [114].

Tableau 5.2: Real network data sets

| Network data sets | Nodes | Edges | Communities |
Karate Club Network (Karate) 34 78 2
Dolphin Social Network (Dolphins) 62 159 2
American Politics Books Network (Polbook) | 105 441 3
American football network (Football) 115 613 12

Tableau 5.3: Parameters of the algorithm

| MIDPSO-RO | MIDPSO-RO |

| Population size Iteration | c;,co, A | w |

| 20 200 | 07 |05 |

5.3.1 Karate Club Network results

Figure 5.3: Community detection results on Karate data set using MIDPSO-RO algorithm execution 1
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Figure. 5.3 show the community detection results in Karate network. Karate network actually
has two communities,and MIDPSO-RO algorithm divides it into four communities with mod-

ularity Q=0.403 and its the maximum Q.

Figure 5.4: Community detection results on Karate data set using MIDPSO-RO algorithm execution 2

Figure. 5.4 show the community detection results in Karate network. Karate network actu-

ally has two communities,and MIDPSO-RO algorithm divides it into three communities with
modularity Q=0.402.

Figure 5.5: Community detection results on Karate data set using MIDPSO-RO algorithm execution 3

Figure. 5.5 show the community detection results in Karate network, MIDPSO-RO algo-

rithm divides it into two communities with modularity Q=0.371.
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5.3.2 Dolphin network results

Figure 5.6: Community detection results on Dolphin data set using MIDPSO-RO algorithm execution 1

In Figure. 5.6, Dolphins network is detected by MIDPSO-RO algorithm with the maximum
modularity Q=0.524, There are five communities in the result, while the actual network has two

communities.

Figure 5.7: Community detection results on Dolphin data set using MIDPSO-RO algorithm execution 2

In Figure. 5.7, Dolphins network is detected by MIDPSO-RO algorithm with Q=0.509,

There are four communities in the result.
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Figure 5.8: Community detection results on Dolphin data set using MIDPSO-RO algorithm execution 3

In Figure. 5.8, Dolphins network is detected by MSDPSO-RO algorithm with Q=0.478,

There are three communities in the result.

5.3.3 American Politics Books Network

Figure 5.9: Community detection results on Polbook data set using MIDPSO-RO algorithm execution 1
In Polbook network, MIDPSO-RO algorithm have good performance. (Figure. 5.9) show good

modularity obtained by MIDPSO-RO algorithm is Q=0.524 with 5 community while the actual
network has three communities.
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Figure 5.10: Community detection results on Polbook data using MIDPSO-RO algorithm execution 2

In Polbook network, MIDPSO-RO algorithm have good performance. (Figure. 5.10) show
the best modularity obtained by MIDPSO-RO algorithm is Q=0.526 with 4 community while

the actual network has three communities.

Figure 5.11: Community detection results on Polbook data using MIDPSO-RO algorithm execution 3

In Figure. 5.11, Polbook network is detected by MIDPSO-RO algorithm with Q=0.516,

There are four communities in the result.
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Figure 5.12: Community detection results on Polbook data using MIDPSO-RO algorithm execution 4

In Figure. 5.12, Polbook network is detected by MIDPSO-RO algorithm with Q=0.512,

There are three communities in the result.

5.3.4 American football network

Figure 5.13: Community detection results on football dataset using MIDPSO-RO algorithm execution 1

In Figure. 5.13, football network is detected by MIDPSO-RO algorithm with the maximum

Q=0.604, There are 10 communities in the result,while the actual network has 12 communities.
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Figure 5.14: Community detection results on football dataset using MIDPSO-RO algorithm execution 2

In Figure. 5.14, football network is detected by MIDPSO-RO algorithm with Q=0.603, There

are 11 communities in the result,while the actual network has 12 communities.

Figure 5.15: Community detection results on football dataset using MIDPSO-RO algorithm execution 3

In Figure. 5.15, football network is detected by MIDPSO-RO algorithm with Q=0.602, There

are 10 communities in the result.

5.3.5 Comparison

The best modularity and NMI results obtained by IDPSO-RO and MIDPSO-RO algorithms
except in football dataset which LPA (best NMI ) are shown in Table 5.4, 5.6. As is shown in
Figure. 5.16 and Figure. 5.17, our algorithm perform well. On the four data sets, the maximum
modularity found by MISDPSO algorithm is better than GN and LPA algorithms. MIDPSO-RO
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algorithm can get the maximum modularity among the LA algorithm in the Dolphins network,
and the same modularity value in polbooks and football networks, LA better in Karate network.
MIDPSO-RO algorithm can get the maximum modularity among IDPSO-RO in two networks
Dolphins and Football and the same in Polbook network, IDPSO-RO better in Karate network.In
the comparison of the value of NMI, MIDPSO-RO algorithm using Local search and Majority
Voting perform best on dolphin and football data sets. On karate dataset, MIDPSO-RO algorithm
can get the highest NMI amon GN LPA, and the next highest after LA. Therefore, Local search
and Majority Voting strategy can effectively improve the accuracy of the detection. MIDPSO-

RO algorithm can accurately get realistic results.

Tableau 5.4: Maximum modularity

Network GN LPA LA IDPSO-RO MIDPSO-RO
Karate 0.359 0.112 0.418 0.420 0.403
Dolphins 0.378 0.456 0.518 0.520 0.524
Polbook 0.442 0.481 0.526 0.526 0.526
Football 0.400 0.593 0.604 0.602 0.604

Tableau 5.5: Corresponding values of normalized mutual information to maximum modularity

Network GN LPA LA IDPSO-RO MIDPSO-RO
Karate 0.332 0.260 0.537 0.687 0.509
Dolphins 0.252 0.480 0.528 0.484 0.505
Polbook 0.247 0.543 0.459 0.441 0.388
Football 0.234 0.602 0.627 0.634 0.627
Tableau 5.6: Maximum normalized mutual information
Network GN LPA LA IDPSO-RO MIDPSO-RO
Karate 0.332 0.260 0.550 0.687 0.547
Dolphins 0.252 0.480 0.530 0.546 0.561
Polbook 0.247 0.543 0.459 0.459 0.435
Football 0.234 0.602 0.627 0.634 0.651
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Modularity values (Q) for different networks
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Figure 5.17: Comparisions of normalized mutual information
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Fitness DA

Fitness Q

Figures (5.18,5.19) depicts the convergence of IDPSO-RO and MIDPSO-RO algorithms on
Karate network.As can be seen from the evolutionary trend, IDPSO-RO algorithm converges
faster because Fitness Q reaches a stable value earlier (around 125 iterations) compared to fit-

ness D) (around 150 iterations). MIDPSO-RO algorithm converges relatively slower in karate

network.

Evolutionary Trend of the Fitness Function in karate

—— Fitness Trend

22.5
20.0 A
17.5
15.0 A
12.5

10.0 A !J

7.5

5.0 4

T T T T T
0 25 50 75 100 125 150 175 200
Iteration

Figure 5.18: Evolutionary trend of MIDPSO-RO algorithm on Karate network
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Figure 5.19: Evolutionary trend of IDPSO-RO algorithm on Karate network
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Evolutionary Trend of the Fitness Function in dolphn
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Figure 5.20: Evolutionary trend of MIDPSO-RO algorithm on dolphin network
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Figure 5.21: Evolutionary trend of IDPSO-RO algorithm on dolphin network

Figures (5.20, 5.21 ) depicts the convergence of IDPSO-RO and MIDPSO-RO algorithms on
dolphin network. As can be seen from the evolutionary trend, MIDPSO-RO algorithm converges
faster because Fitness D) reaches a stable value earlier (around 125 iterations) compared to
fitness Q (around 175 iterations).

78



CHAPTER 5. IMPLIMENTATION AND EXPERIMENTAL RESULTS

Evolutionary Trend of the Fitness Function in polbooks
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Figure 5.22: Evolutionary trend of MIDPSO-RO algorithm on polbooks network
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Figure 5.23: Evolutionary trend of IDPSO-RO algorithm on polbooks network

Figures (5.22, 5.23 ) depicts the convergence of IDPSO-RO and MIDPSO-RO algorithms
on polbooks network. As can be seen from the evolutionary trend, MIDPSO-RO algorithm con-
verges faster because Fitness D) reaches a stable value earlier (around 125 iterations) compared
to fitness Q (around 175 iterations).
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Evolutionary Trend of the Fitness Function in football
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Figure 5.24: Evolutionary trend of MIDPSO-RO algorithm on football network
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Figure 5.25: Evolutionary trend of IDPSO-RO algorithm on football network

Figures (5.24, 5.25 ) depicts the convergence of IDPSO-RO and MIDPSO-RO algorithms
on football network. As can be seen from the evolutionary trend, MIDPSO-RO algorithm con-
verges faster because Fitness D) reaches a stable value earlier (between 125 and 150 iterations)
compared to fitness Q (around 175 iterations).
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As can be seen from the evolutionary trend, MIDPSO-RO algorithm converges faster in three
network(dolphin,polbooks,football). MIDPSO-RO algorithm converges relatively slower but
can find a good solution in karate network. local search strategy and Majority Voting strategy
makes the algorithm get very close to the real solution, but is also partly responsible for the
slower convergence and not very high modularity of MIDPSO-RO algorithm in Karate network.
While due to the random factors in updating the individuals’ positions, MIDPSO-RO algorithm
can get realistic results, and also can search the solution space better to get the best fitness value.
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General conclusion

Community detection is still in an exploratory phase and is expected to take several more
years to reach maturity. This relative youth of the field has posed challenges, but it has also

served as a significant source of motivation.

Detecting community structure is fundamental for the study of complex networks, and com-
munity detection can be regarded as a discrete optimization problem. To address this, our re-
search enhances discrete particle swarm optimization algorithms by incorporating a local search
strategy and Majority Voting to effectively detect communities. Experimental results demon-
strate that the MIDPSO-RO algorithm, utilizing these enhancements, perform well on real net-
works. In terms of detecting results, the MIDPSO-RO algorithm identifies communities with
well modularity. Regarding convergence, the MIDPSO-RO algorithm converges a little faster
than the original IDPSO-RO algorithm and is capable of efficiently searching for the optimal
solution within the defined space.

In summary, the discrete particle swarm optimization algorithms link an individual’s posi-
tion to the network structure. Our methods enhance the accuracy of detection results by using
a local search strategy and majority voting, without requiring prior knowledge of the number
or size of communities. We also demonstrate that our algorithm is more efficient in detecting

communities compared to popular methods.

This algorithm is simple and easy to understand, performing well on real-world networks.
The partitioning results are very satisfactory, and the communities identified are consistent
across multiple runs on the same network, making the method easy to implement. The pro-

posed algorithm is fast, with low time complexity, and generally produces stable results.

In the future, we intend to apply our algorithm to community detection in social networks
with a large number of nodes. Unlike simple binary connections, social networks often involve
weighted connections. Therefore, we plan to compute these weights and address the community
detection problem in weighted networks. Additionally, we aim to develop a new recommenda-

tion model for social networks that leverages community structures.
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GENERAL CONCLUSION

Perspectives

To make our approach even more competitive, certain improvements can be made in the future.

Our first perspective is to optimize the refined operator to eliminate randomness. This will

enhance the stability of the detected community structures and more well results.
Our second aim is to extend our approach to support weighted communities.

Another idea would be to make our approach applicable in heterogeneous graphs with dif-

ferent types of nodes and links.

Finally, it is desirable to introduce the notion of overlapping communities. This allows our

approach to support fuzzy partitioning where a node can belong to several communities.
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Abstract

Many real complex system in real world can be modeled as complex networks , which reveal
important characteristics such as community structure. The community structure has many ap-
plications in different scientific field. In this work, we tray to illustrate the different applications
of community structure . Then, we provide the problem definition of the community structure
and we applied bio-inspired algorithm to reveal the community structure. We will teste the

algorithm in real-network data-set.

Keywords: Community Structure, Community Detection, Graph Theory, Optimization, PSO,
Discret PSO

Résumé

De nombreux systémes complexes réels peuvent étre modélisés sous forme de réseaux com-
plexes, qui révelent des caractéristiques importantes telles que la structure de la communauté. La
structure communautaire a de nombreuses applications dans différents domaines scientifiques.
Dans ce travail, nous illustrons les différentes applications de la structure communautaire. En-
suite, nous fournissons la définition du probléme de la structure de la communauté et nous ap-
pliquons un algorithme bio-inspiré pour révéler la structure de la communauté. Nous testerons

’algorithme sur un ensemble de données de réseaux réels.

Mots clés : Structure de la Communauté, Détection de Communautés, Théorie des Graphes,
Optimisation, PSO, PSO discrete
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