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Abstract. A network is an aggregation of nodes joined by edges, representing entities and
their relationships. In social network clustering, nodes are organized into clusters according to
their connectivity patterns, with the goal of community detection. The detection of community
structures in networks is essential. However, existing techniques for community detection have
not yet utilized the potential of the Fish School Search (FSS) algorithm and modularity
principles. We have proposed a novel method, clustering with the Fish School Search
algorithm and modularity function (FSC), that enhances modularity in network clustering by
iteratively partitioning the network and optimizing the modularity function using the Fish
School Search Algorithm. This approach facilitates the discovery of highly modular
community structures, improving the resolution and effectiveness of network clustering. We
tested FSC on well-known and unknown network structures. Also, we tested it on a network
generated using the LFR model to test its performance on networks with different community
structures. Our methodology demonstrates strong performance in identifying community
structures, indicating its effectiveness in capturing cohesive communities and accurately
identifying actual community structures.

Keywords: clustering, fish school search algorithm, modularity function, network
structures.

1. Introduction. In network theory, a graph or network refers to a
group of nodes linked through edges or lines, representing different entities
and their relationships or interactions [1]. For example, in metabolic
networks, nodes could represent biochemical compounds or enzymes, and
edges could represent metabolic reactions or pathways [2]. In the case of the
Internet, nodes could represent web pages or computers, and edges could
represent hyperlinks or network connections [3]. The representation of a
network is a graph G (V, E), where V refers to the set of nodes or vertices
and E refers to the set of edges or links [4]. The number of vertices and
edges determines the size of a graph. In the case of a social network, the
size of the graph depends on the number of people in the network and their
relationships or interactions [5]. In social network clustering, nodes are
grouped into clusters based on their connectivity patterns, which are
determined by the links or edges that connect them. This clustering process
relies on community recognition, where a community refers to a group of
nodes that are densely connected with only a few connections to nodes
outside the community [6]. The objective of community detection is to
identify clusters or communities of nodes within a network, where the nodes
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within a community exhibit denser connections among themselves
compared to nodes in other communities [7].

Clustering a social network can help us identify groups of
individuals that are more closely connected, revealing social substructures
such as cliques, subgroups, or communities. Understanding these
substructures can provide insights into the dynamics of social interactions
and help us identify influential individuals or groups within the network [8].
For example, recognizing communities and clusters can help identify groups
of proteins that work together to perform specific functions in the cell [9].
In the case of a transportation network, clustering can help identify clusters
of nodes that are more interconnected in traffic planning and routing [10].
Several methods can structure networks [11], including modularity-based
methods [12], spectral clustering [13], hierarchical clustering [14], and
modularity optimization [15, 16].

Maximizing modularity is a challenging task due to its
computational intractability, as finding an optimal solution has been proven
to be NP-complete [17]. Heuristic algorithms are often used, but they may
not always produce the best partitions. Modularity maximization is a
promising approach for community detection, aiming to maximize within-
community interconnectedness while minimizing between-community
interconnectedness.

Our main contribution is the enhancement of modularity in network
clustering through the innovative application of the Fish School Search
Algorithm [18, 19]. This algorithm, inspired by the collective behavior and
intelligence of fish schools, serves as a powerful metaheuristic for
navigating the complex landscape of community detection. By iteratively
partitioning the network and judiciously pruning edges, our approach
focuses on maximizing the modularity function [20], which quantifies the
strength of the division of a network into modules or communities.

The Fish School Search Algorithm's ability to simulate the dynamic
and collaborative [21] search strategies of fish enables the discovery of
highly modular community structures, thereby improving the resolution and
effectiveness of network clustering. This method not only aligns with the
principles of modularity optimization but also introduces a novel
perspective to the field, leveraging natural processes to address
computational challenges inherent in the task of community detection.

In the clustering process, the modularity function serves as the
objective function, assessing the quality of a clustering solution [22]. The
proposed method works by initializing a population of fish, each
representing a potential clustering solution. Until they reach an optimal
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solution, the fish iteratively evaluate and update their solution based on the
modularity function.

The method was tested on well-known and unknown network
structures and compared to other commonly used clustering methods [23].
The findings demonstrate the method’s superior performance in both
modularity and computational efficiency. The paper is organized in a
logical and easy-to-follow manner. The second section, titled Background
and Related Works, is further divided into four subsections. The first
subsection provides background on community detection and its
importance. The second subsection discusses modularity and modularity
maximization. The third subsection introduces the Fish School Search (FSS)
algorithm and its use in the proposed network clustering method, while the
fourth subsection reviews related works in the field. The third section
presents the proposed approach, while the fourth section of the paper
presents a performance assessment of our method. The fifth section
discusses the results and their implications, and the sixth section concludes
the study and suggests future work.

2. Background and related works

2.1. Community detection. Community detection in complex
networks is the process of identifying clusters of nodes that share common
properties, depicted as nodes and edges in a graph. These algorithms group
nodes based on denser connections within groups compared to connections
between groups. Communities can represent groups of individuals with
shared interests and interactions within human society, and they can be
identified in networks based on connection patterns [24].

Hierarchical clustering is a popular approach to community detection
that builds a hierarchy of partitions either by merging smaller communities
into bigger ones or by dividing larger communities into smaller ones based
on similarity measures. Initially, each node is considered a separate
community, and similarity measures between pairs of communities are
calculated using factors such as shared neighbors or connection strength.
The algorithm then merges the most similar communities iteratively,
creating a hierarchical structure [25].

Hierarchical clustering allows flexible exploration of community
structure at different granularity levels, ranging from broad to specific
communities. This approach provides a comprehensive view of the
network's community structure, enabling the analysis of nested communities
and different levels of detail. The FSC proposed was developed to solve
community detection problems by maximizing modularity, and is a widely
recognized and commonly used approach for discovery communities in
structure networks. It involves finding the split of the network into clusters
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that maximize the modularity value, which is a measure of the quality of the
division.

2.2. Modularity. Modularity, a concept pioneered by [20], is a
metric for assessing the efficacy of partitioning a graph into distinct
communities. While its original formulation was designed for undirected
graphs, subsequent research has broadened its applicability to encompass
directed and weighted graphs [26 — 28]. The notion of modularity within a
partition is expressed through a singular numerical measure (with a range
reaching 1) used to evaluate the level of interconnectedness among
components residing within communities, as opposed to the connections
linking different communities together. A heightened positive modularity
value indicates an enhanced organization of communities.

Modularity maximization is a widely used approach in network
analysis for resolving community detection problems. Modularity quantifies
the quality of the community structure in a network by comparing the
number of edges each community has to the number expected by chance.
The goal of modularity maximization is to find a partition of nodes into
communities that maximize the modularity score. This involves iteratively
assigning nodes to communities and evaluating the change in modularity
until no further enhancement can be performed.

Modularity maximization has several advantages for resolving
community detection problems. It is a flexible and scalable method that can
be used in networks of various sizes and types. It can find the optimal division
of the network into communities without prior knowledge of their number or
size, allowing for an unbiased exploration of the community structure.

Maximizing modularity to find the best partition of a network into
communities is not feasible for large and complex networks due to the NP-
complete [29] nature of the problem. Several heuristic algorithms have been
proposed to approximate the optimal solution. Despite its drawbacks, such
as the resolution limit and high computational requirements, modularity
maximization remains a popular and effective approach for community
detection. The FSC performance will be evaluated by comparing the
communities obtained using different algorithms with the ground truth and
assessing the quality and reliability of community detection results through
modularity scores.

2.3. Artificial Fish School Search Algorithm. The study of
collective behavior in decentralized, self-organized systems, encompassing
both natural and artificial systems, falls within the realm of swarm
intelligence [30]. The inspiration behind swarm intelligence stems from
observing the collective behavior exhibited in natural societies, including
the coordinated movements of birds, fish, ants, bees, termites, and other
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species. This behavior emerges from the interactions of numerous
individuals acting in unison. It is a form of distributed problem-solving in
which a group of individuals cooperates to achieve a common goal [31].
Algorithm 1, known as Artificial Fish School Search (FSS) [32], is a prime
example of swarm intelligence, drawing inspiration from the collective
behavior observed in fish schools. The foundational algorithmic structure of
the FSS optimization algorithm, as outlined in [32], is as follows:

Algorithm 1. FSS optimization algorithm for community detection
1. Input:

2. Graph (G = (V, E)): The input graph with vertices (V) and edges (E).

3. Maximum Cycle Number: The maximum number of iterations for the
algorithm.

4. Maximum CPU Time: The maximum allowed CPU time for the
optimization process.

5 Output:

6 m: The resulting cluster assignment that maximizes modularity Q

7. —»Do

8. Attraction fish phase:

9. Move each fish towards the center of mass in the school.

10. Aggregation fish phase:

11. Increase the step size of each fish

12. Movement fish phase:

13. Move each fish based on its current position and step size.

14. Evaluate the modularity Q of each fish's cluster assignment

15. Save the best solution (cluster assignment 7) found so far that maximizes
Q.

16. =»While Cycle < Maximum Cycle Number and CPU Time < Maximum CPU

Time
17.  Return the best cluster assignment © that maximizes modularity Q.

The FSS algorithm is based on the idea that fish in a school move
together, following some simple rules of behavior such as attraction,
repulsion, and alignment. Within the domain of swarm intelligence, the
Artificial Fish School Search (FSS) algorithm stands out as a notable
exemplar. Taking cues from the coordinated behavior displayed by fish in
their schools, the FSS algorithm derives its principles from this collective
phenomenon. Like their aquatic counterparts, the algorithm envisions a
scenario where virtual fish move in unison, guided by simple yet impactful
behavioral rules encompassing attraction, repulsion, and alignment [33]. By
harnessing these fundamental principles, the FSS algorithm aims to address
complex problems through the power of collective intelligence. The process
of fish locating their food typically unfolds in three stages: attraction,
aggregation, and coordinated movement [34]. Initially, in the attraction
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phase, fish employ a myriad of sensory cues, ranging from chemical to
visual and auditory signals, to sense the availability of food. This phase
often sees fish swimming in the direction of a positive chemical gradient,
which is a reliable indicator of food's existence in the water. A plethora of
fish species possess specialized sensory apparatus, like olfactory organs,
that are exceptionally responsive to waterborne chemical cues. This
sensitivity enables fish to discern even minor chemical traces released by
potential food sources and subsequently follow this scent trail to discover
food [35]. In the aggregation phase, fish may form schools or shoals to
more efficiently locate and access the food source. In these groups,
individuals may benefit from the presence of others in terms of increased
feeding opportunities and protection from predators. In the last stage,
referred to as the coordinated movement phase, fish within the collective
meticulously adjust their movements to ensure the maintenance of group
unity and synchronously approach the food source [36]. This often entails
each fish attentively responding to their neighbors’ actions, facilitating a
seamless and efficient group movement. The creation of collective wisdom
in fish schools and other kinds of animal swarms heavily hinges on effective
information exchange. Fish utilize diverse sensory signals to communicate
and disseminate information among each other. This information exchange
often involves the use of auditory, visual, and tactile cues [37]. Based on the
concept of information exchange, the Artificial Fish School Search (FSS)
algorithm can be divided into four stages to find maximum modularity.
These stages include an initialization phase, where the FSS algorithm starts
by randomly searching for a food source, which is considered a potential
solution. Following the initialization phase, the process transitions into the
individual swimming phase, which is analogous to conducting a local
search in the current location of each fish or solution. Each instance of
individual swimming generates a novel candidate solution, guided randomly
and exhibiting distinct values. Upon the conclusion of the individual phase,
an evaluation or update of the fitness function is performed. If there’s no
enhancement in the fish’s position, it is assumed that this specific fish or
solution remains static. Only those fish or solutions showing improvements
in their fitness functions will transition to a new position. During the
instinctive-collective phase, the overall positioning of the school of fish or
set of solutions is adjusted, taking into consideration the alterations in the
fitness function of each fish or solution from the prior iteration [38]. The
process culminates with the collective-volitional phase, where the fish or
solutions are moved if there has been an improvement. In algorithmic terms,
this signifies a refinement of the solution for the optimization problem. If
there hasn’t been an enhancement in the position of the entire school or set

1372 Undopmaruka u asromartuszanus. 2024. Tom 23 Ne 5. ISSN 2713-3192 (nieu.)
ISSN 2713-3206 (ommaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

of solutions compared to its previous position, it indicates the need for
another round of food search or, in algorithmic terms, a return to the
initialization phase.

2.4. Related Works. Community detection is a rapidly evolving
field, with researchers continuously proposing new and innovative
approaches to identify and analyze community structures in complex
networks. These approaches range from leveraging the concept of
modularity to using artificial intelligence algorithms for clustering. In this
review, we will discuss some notable works in the literature that focus on
harnessing the power of modularity and artificial intelligence algorithms for
community detection.

The authors in [39] proposed a method for module partitioning in
complex products using stable overlapping community detection and
component allocation.

It effectively handles intricate = component correlations,
demonstrating superiority over existing methods on a CNC grinding
machine. The study model (CDFSE) [40] presents a dynamic model
simulating fish school behavior to showcase the formation of larger, stable
groups based on shared attributes. Additionally, the study [41] introduces a
new network clustering method using the Bee Colony Algorithm and
Modularity Function. This method involves iterative edge removal for
network partitioning and uses the Bee Colony Algorithm to optimize the
modularity function, revealing optimized clusters. The study [42] highlights
encord's role in enhancing the efficiency and accuracy of medical data
annotation in cancer subtype classification for identifying patient clusters,
advancing targeted therapies, and biomarker discovery. Automated and
collaborative features in encord improve annotation speed and consistency,
benefiting Al-driven diagnostics and treatment planning. Lastly, the
study [43] introduces an algorithm for disjoint communities in complex
networks. It’s designed for undirected, unweighted graphs and uses cosine
similarity for weight determination. It starts with individual nodes as
communities and merges them based on modularity values.

Our proposed approach, FSC-Fish School Clustering, addresses gaps
in previous work by offering a comprehensive solution for community
detection in unipartite, unweighted, and undirected networks. While
existing methods often have limited scope, our approach widens their
applicability by specifically targeting these types of networks. Moreover,
we introduce a dynamic modeling aspect inspired by fish school behavior,
enabling the formation of larger, stable groups based on shared attributes.
To overcome optimization challenges, we integrate the Fish School Search
Algorithm with the Modularity function, enhancing accuracy and efficiency
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in community detection. Additionally, scalability concerns are addressed by
leveraging the efficiency of the Fish School Search Algorithm, making our
approach suitable for handling large-scale networks. By bridging these
gaps, our proposal aims to advance the field of network analysis and
provide more accurate and efficient tools for understanding complex
network structures.

The FSC provides a unique approach to optimization problems,
drawing inspiration from natural phenomena. Its strengths lie in its
adaptability and collective problem-solving power. It mimics fish school
behavior to navigate complex search spaces effectively. However, it may
lag behind modern network assembly methods in computational efficiency
and scalability. While FSC is ideal for intricate problems requiring
exploration, modern methods suit tasks demanding precision and large-scale
network management. The choice between the two depends on the specific
needs of the optimization challenge, balancing the strengths of FSC against
the requirements for efficiency and control in network assembly.

3. The proposed approach (FSC-Fish School Clustering).
Hierarchical methods are clustering algorithms that can be either divisive or
agglomerative. Agglomerative methods recursively merge clusters into
larger clusters, while divisive methods recursively split clusters into smaller
clusters. Divisive methods in community detection remove edges based on
various criteria. For example, Edge Density [44] involves removing edges
based on the density of connections to identify densely connected subgraphs
as communities. Topological [45] measures utilize measures like centrality
or clustering coefficient to determine edge importance; high centrality edges
connecting communities are preserved, while low centrality edges are
removed. Additionally, structural properties [46] involve removing edges
that bridge distinct clusters to promote clearer separation between
communities and identify internally connected communities. Some graph-
splitting methods create separate partitions by deleting edges that connect
vertices with very high or very low weights [47]. In this study, we propose a
novel network clustering approach, referred to as FSC, which uses the Fish
School Search Algorithm and the modularity function introduced by [20].

In this study, we propose a novel network clustering method that
focuses on identifying community structures in unipartite, unweighted, and
undirected networks. We utilize the Fish School Search Algorithm to
iteratively split the network and remove edges while maximizing the
modularity function. During this splitting phase, the algorithm discovers a
set of clusters that represent the community structure. This process is
repeated iteratively until each cluster consists of a single vertex. FSC
leverages the modularity function as an objective metric to measure the
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power of the community structure. It guides the determination of the
optimal number of network communities (clusters). By maximizing
modularity, FSC aims to identify the community structure that best fits the
given network. This is done through the use of the Fish School Search
Algorithm and the Modularity function. For a graph G(V, E), our method
identifies the most optimal community structure © = {cy, ..., ¢}, Where:

- =16 =V,

- g #0,

— ClnC]=¢lfl¢],

—  nc: number of clusters.

Modularity assesses the cohesion within different segments of a
network by assigning a numerical value to each segment, known as a
community structure. Modularity Q ranges between 0 and 1, where higher
scores typically indicate better-defined partitions, while lower scores may
imply less cohesive groupings. However, it's important to note that the
quality of community structures can vary depending on the specific context.
The modularity function is formulated around the comparison between the
observed fraction, denoted as e(c;)of edges within communities, and the
expected fraction, denoted as a(c;), of edges within the same communities.
The modularity, represented as @Q, is calculated using the expression:

Q =ZXelc) —a(e) ©)
Consider an undirected, unweighted graph G, with n vertices and m

edges, and a partition denoted @ = (cy, ..., Cpc)-
In this context, the modularity [48], can be expressed as follows:

v KW
= G Zow [Alv.w] = ] 6w w), )
where
s(w,w) = {1 if vand w belong to the same community ,
0 otherwise
where:

— v, w—are vertices of G,

- KKy — the degree of v and w which is the number of edges
linked to each vertex,

—  m — total number of edges in the graph G,

— A —the adjacency matrix of the graph G.
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The overarching framework of our algorithm designed to uncover
community structures within networks is outlined as follows:

Algorithm 2. FSC Algorithm

1. Input: G=(V, E) — The input graph with vertices V and edges E.
2. Result cluster: T, maximizes Q, the resulting cluster assignment cluster.
3. Cluster — G

4. 7« Cluster

5. prepeat

6. | Set Cluster «—n

7. | P forie€|Set Cluster|do

8. Cluster = Set_Cluster[i]

9. n' « Fish School Search (Cluster)

10. Divide Cluster based on 7'

11. Update 7'

12. L’ nd for

13. until |7 | > [V]

14.  return cluster that maximizes Q

The FSC algorithm, utilizing the Artificial Fish School Search (FSS)
algorithm, iteratively partitions a network to maximize modularity. Starting
with the entire graph as a single cluster, the algorithm refines cluster
assignments through FSS, aiming to enhance modularity within each
cluster. This iterative process continues until each cluster comprises a single
node, culminating in the selection of the assignment with the highest
modularity. The resulting clusters represent distinct communities, offering
flexibility to tailor the number of communities. Additionally, we construct a
tree diagram to visually depict the hierarchical organization of communities,
elucidating the structural composition of the network.

4. Performance Assessment. We tested FSC on known and
unknown network topologies. These networks are well-studied and have
been used to benchmark other community detection algorithms. This means
that we can compare our results to those of other algorithms and see how
FSC performs. Networks tested include Karate Club, College Football, US
Politics Books, and Dolphins. We additionally created a network using the
Lancichinetti et al. random graph model, specifically designed to generate
networks with desired community structures. This enables us to assess the
performance of FSC on diverse network structures with varying
communities. We conducted a comparative analysis of our approach against
several established methods, such as:

—  The Infomap method [49] identifies community structure by
minimizing the description length of a random walker's navigation, using
iterative node agglomeration to achieve improved partitions.
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—  The label propagation method [50] efficiently detects
communities in complex networks by assigning unique labels to nodes and
adopting the most prevalent label among neighbors, but its accuracy may
suffer due to its random nature and potential tie situations.

—  The Louvain method [51] optimizes modularity by iteratively
reassigning nodes between communities to enhance network division
strength.

—  The Fast Greedy method [52] utilizes community analysis by
greedily enhancing modularity scores through the continuous merging of
community pairs until maximal improvements are achieved. The Fish
School Search (FSS) algorithm chosen for network clustering stands out due
to its unique nature-inspired approach that simulates the behavior of a
school of fish, enabling it to explore the search space more effectively and
efficiently. Unlike other algorithms such as Infomap, Label Propagation,
Louvain, and Fast Greedy, FSS does not require a predefined number of
clusters, making it highly adaptable to various datasets. It further optimizes
the modularity function, a unique feature that quantifies the strength of the
division of a network into modules or communities, enhancing the
resolution and effectiveness of network clustering. Demonstrating robust
performance, FSS excels in identifying community structures in both well-
known and unknown network structures, making it a compelling, versatile,
and reliable choice for network clustering. This dynamic modeling aspect,
inspired by fish school behavior, forms larger, stable groups based on
shared attributes, addressing gaps in previous work. It also integrates the
Fish School Search Algorithm with the Modularity function, enhancing
accuracy and efficiency in community detection and making it suitable for
handling large-scale networks. In this part, we assess the performance and
effectiveness of our method. This required two measures to compare and
evaluate it against existing methods: normalized mutual information and
computer-generated networks.

4.1. Normalized Mutual Information (NMI). We can leverage the
NMI scale to compare the outcomes of our approach with those of various
community detection methods. It is a widely used measure of community
quality and is a good predictor of human-annotated ground-truth
communities. In [53] proposed the utilization of the Normalized Mutual
Information (NMI) metric for the comparative assessment of community-
based screening techniques. NMI requires a confusion matrix M, where the
rows in M indicate the real communities and the columns in M indicate the
detected communities. Each element M, M;; in the matrix represents the
count of nodes belonging to the actual community i that are present in the
discovered community j. This confusion matrix allows us to quantify the
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overlap and agreement between the two sets of communities. The NMI
measure employs information theory principles to evaluate the similarity
between the partitions. It calculates the mutual information between the real
and found communities, taking into account the distribution of nodes across
the communities. The NMI measure captures the shared information and
dependence between the partitions by considering the probabilities of nodes
belonging to specific communities. The formula derived from data analysis
principles [53] for measuring the likeness between two community
structures A and B is as follows:

=2 352 38 My log(M;;M/M; M)

3)

Here, c, reflects the number of actual communities, while cg
represents the number of discovered communities. The total of the elements
in the row i vector of the matrix M;; is denoted by M;, and the summation
over column j is denoted by M ;. When our method's community structure
perfectly aligns with the actual community structure, I(4, B) achieves its
maximum value of 1. This means that the two sets of clusters are a perfect
fit, and the NMI value will be 1, indicating a complete match between the
clusters. Conversely, if the detected communities have no resemblance to
the actual communities in the network, the NMI value will be 0, signifying
a complete lack of similarity. This means that the two sets of clusters have
no connection or resemblance. When the discovered community structure is
similar but not identical to the actual community structure, it means that the
clusters share some commonalities while also having some differences; the
NMI value will fall between 0 and 1, capturing the partial agreement
between the two sets of clusters.

4.2. Computer-Generated Networks. To validate the effectiveness
of our method, we can employ computer-generated grids as a means of
testing. These computer-generated networks possess a predetermined
community structure, which renders them highly suitable for evaluating the
accuracy and robustness of community detection algorithms. By leveraging
these networks, we can thoroughly assess the performance and reliability of
FSC in accurately identifying and uncovering community structures. To
create networks with a community structure, we utilized the LFR model
proposed by [54]. The LFR model is a widely used framework for generating
networks with diverse properties, including power-law degree distributions,
community structure, and even overlapping communities. In our study, we
employed the LFR model to generate a network consisting of 128 nodes. The
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degree exponent distribution was set to 2, determining the number of links per
node. The community size distribution exponent was 3, governing the sizes of
the communities. The average degree was 16, showing the ratio of the actual
connections to the potential connections in a network. The network consisted
of 3 communities, and the mixing parameter varied from 0.1 to 0.9,
influencing the interconnectivity between communities. In our method, the
fitness function is defined as the modularity function. We set 500 (the number
of fish) as food sources and specified the maximum number of iterations as
1000 for the optimization FSC.

5. Results and Discussion. In this section, we present an elaborate
examination of the authentic social networks utilized to assess the
effectiveness of our method. We have tested our method on the following
networks: The Zachary Club Network [55], American College
Football [56], The Dolphin Social Network [57], The Book about US
Politics Network [58] Facebook [59], Amazon [60], Les Miserable
Network [61], The Jazz Collaboration Network [62], The HIV
Network [63], and The Contiguous USA [64] Network. Table 1 summarizes
the fundamental characteristics of real benchmark networks, including the
number of nodes (|V|), the number of edges (|E|), the average degree
( <k) ), and whether the community structure (CS) is known or unknown.

Table 1. Summarizes characteristics of Benchmark Social Networks
Networks CS V]| |E| {k) Description
Derived from a

Zachary Known 34 8 4.58 university karate club.
Football Known 115 613 10.66 | Fall 2000 Division IA
college games.
Dolphin Known 62 159 sq2 | 62 New Zealand
dolphins' interactions.
Book Known 105 441 g4 | 2004 clection US
politics book list.
Facebook | Unknown 4039 88234 18.02 | Facebook social

network dataset.
Amazon product co-
purchasing network.
Victor Hugo's character

Amazon Unknown 334863 925872 5.52

Miserable Unknown 77 245 6.36

network.

Jazz collaborations from
Jazz Unknown 198 2742 27.69 1912-1940.

Early HIV spread in
HIV Unknown 40 41 2.05 USA contacts.
USA Unknown 48 107 445 | USshared border

network with DC.
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Table 2 presents a comparative analysis of the modularity metric for
our proposed algorithm against four established algorithms. The modularity
metric is calculated using the formula (2) (Section 3).

In Table 3, we present two metrics:

1. The number of clusters (|C|) is the number of clusters obtained
after the iterative splitting process.

2. The normalization mutual information (NMI) is a measure of
similarity between the clusters obtained using formula (3) (See section 4.1).

Table 2. Modularity for real networks with community structures

Q
Methods Karate Football Books Dolphins | Facebook | Amazon
Infomap 0.37 0.60 0.52 0.52 0.05 0.82
Label 037 0.57 0.47 0.51 0.65 0.78
Propagation
Louvain 0.41 0.60 0.52 0.52 0.68 0.92
Fast 038 0.54 0.50 0.49 0.64 0.87
Greedy
FSC 0.40 0.64 0.54 0.52 0.72 0.94

Table 3. NMI for real networks with community structures

Methods Karate Football Books | Dolphins | Facebook Amazon
|C| [NMI| |C| | NMI ||C||NMI [|C||NMI| |C| |[NMI| [C]| NMI
Infomap 2 1059] 2 [ 092 |6[049]5[0.53]2390.09]17296]| 0.1
Label . 2 101 |10]0.83|3[048|4 (047 15 |0.18|22496| 0.01
Propagation
Louvain 4 [050] 9 | 085 [5]050|4(049] 11 [0.18] 240 0.02
Fast Greedy 3 1069 5 [0.65[3]053]3[041] 25 | 0.1 | 1532 0.1
FSC 2 1087 7 ] 01 [3]060]4]0.81]150]0.74| 260 0.1

To evaluate the performance of our proposed algorithm, we
conducted experiments in a controlled environment using the Python
programming language. Our algorithm's code was developed from scratch,
and after multiple executions, we recorded the best modularity value
achieved. In contrast, the baseline algorithms were sourced from the igraph
library, which is well-known for its comprehensive collection of network
analysis tools.

According to Table 2 and Table 3, FSC performed well, achieving
high NMI and Q values. For example, on the Karate network, it detected 2
clustering with an NMI of 0.87 and a Q value of 0.40. On the football
network, it detected 7 clusters with an NMI of 0.1 and a Q value of 0.64.
FSC achieved the highest or second-highest NMI and Q scores on all four
networks, suggesting it is more effective than other methods considered.
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FSC  identified meaningful communities in  the karate
network (Figure 1) and detected three clusters in the network of books about
US politics (Figure 2), with high modularity and NMI values indicating
good performance. This provides insights into social dynamics.

Fig. 2. FSC identifies 3 clusters in the structure of the Books about US politics
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We tested FSC on various unknown networks (Les Miserable, Jazz,
HIV, USA, Facebook, and Amazon), as shown in Figure 3.
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Fig. 3. Compares FSC with different unknown networks: a) Les Miserable Network;
b) Jazz Network; ¢) HIV Network; d) USA Network; ¢) Facebook Network;
f) Amazon Network
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FSC outperformed alternative approaches in several cases, although
the specific networks where it excelled varied across different contexts. The
FSC approach has demonstrated exceptional performance when applied to
the intricate networks of Facebook and Amazon, exhibiting commendable
quality in community detection. Its success in the Amazon network
particularly stands out, showcasing unparalleled excellence with Q index
values surpassing 0.90. Moreover, within the Facebook network, the FSC
method has achieved a remarkable Q index value of 0.72, significantly
eclipsing the performance of alternative algorithms, as illustrated in the
accompanying Figure 4. Figure 4 shows our novel method for partitioning
the contiguous USA into six clusters, providing a new way to analyze
regional patterns. Using a mixing parameter denoted as p, FSC accurately
partitions the graph and uncovers clear communities (Figure 5). This value
of u = 0.1 is commonly used in community detection within networks
because it indicates a clear community structure where only 10% of the
edges are between different communities, while 90% of the edges are within
the same community. The choice of p = 0.1 provides stability and
robustness for accurate detection and has been empirically successful in
various network studies [65]. By using this mixing parameter value, the
FSC algorithm can effectively identify distinct communities within the
graph, as shown in Figure 5.

Fig. 4. FSC identifies 6 clusters in the Contiguous USA network
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Fig. 5. FSC detects computer-generated networks at pp = 0.1

Figure 6 shows the FSC achievement of a maximum NMI value of 1
when the mixing parameter ranges from 0 to 0.4, indicating the successful
identification of robust and well-defined community structures. The
connections within communities are denser compared to other methods,
highlighting our approach's effectiveness. However, other methods like Fast
Greedy and Louvain have NMI values less than 1, indicating accuracy in
identifying true communities, particularly for mixing parameters between 0
and 0.3. As the parameter exceeds 0.3, both Infomap and Label Propagation
encounter challenges in defining distinct communities. Overall, as the
mixing parameter increases, all methods face difficulties in accurately
uncovering the true community structure. This decline in performance
suggests that as more edges are added between different communities,
making the network more interconnected, the task of identifying clear
divisions and separating the network into distinct communities becomes
increasingly challenging for all methods. According to [52], a network’s
community structure is significant when its modularity exceeds 0.3. FSC
observed a high modularity value, indicating a strong community structure
and the ability to uncover densely connected and cohesive communities
(Figure 7). The higher modularity values imply strong internal connections
and fewer interconnections with other communities, indicating that FSC is
effective in capturing meaningful community divisions and that the
community structure is robust.
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6. Conclusion and future prospects. We introduce a new method
for clustering networks that uses the Fish School Search Algorithm to
enhance the modularity function. The approach iteratively removes edges
from the network to maximize the modularity function. Through rigorous
testing on both established and novel network structures, including those
generated by the LFR model, our FSC methodology has demonstrated
exceptional prowess in discerning cohesive communities and pinpointing
authentic community structures. This breakthrough signifies a leap forward
in network analysis, offering a potent tool for researchers and practitioners
alike to navigate the ever-evolving landscape of networks. As we stand on
the brink of this new horizon, it is clear that the FSC method is more than
just an algorithm; it is a beacon that guides us toward a deeper
comprehension of the networks that encompass and connect us all. The
implications are vast, from enhancing social network analysis to optimizing
transportation systems and even unraveling the collaborative networks
within our very cells. The future of network clustering is bright, and it is our
conviction that the FSC method will be at the forefront of this
transformative journey. In future work, FSC can be extended to handle
diverse network types, including directed, bipartite, or weighted networks.
Additionally, research can explore alternative optimization algorithms or
modularity functions to enhance FSC's performance in identifying
community structures. Incorporating side information, such as node
attributes or interactions with other nodes, is also a promising avenue for
improvement.
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A.X. UBPArUM, M.A. BYJIPE®, JI. BAZIUC
KJIACTEPU3ALIUA CETEM C HCITIOJIb30BAHUEM
AJITOPUTMA INIOUCKA KOCSKOB PbIb

Ubpacum A.X., Byopeqp M.A., Baouc JI. KinacTepusanusi ceTeii ¢ HCHOJb30BAHHEM
AJITOPHTMA NMOHCKA KOCSKOB PbIO.

Annoramusi. CeTb npejcTaBisieT co00i COBOKYITHOCTH Y3JI0B, COCAMHEHHBIX peOpamu,
KOTOpBIE MPECTAaBIIIOT CYIIHOCTH U UX B3aUMOCBS3U. B KiacTepH3anuy conuanbHBIX ceTeil
y3IIbl OPTaHU30BAHBI B KIACTEPHl B COOTBETCTBUH C HMX IMIAOIOHAMH COCAMHEHHUII C IIENBIO
OOHapyXeHHs1 CcOO0OIIeCTB. BBIsBICHHE CTPYKTYp COOOIIECTB B CETAX SIBISACTCS BaXKHBIM.
OpHAKO CYIIECTBYIOIINE METOIbI OOHAPYKEHHUS COOOIIECTB €Ille HE MCIIOIb30BaI MOTEHIHA
aNropuT™Ma Moucka KocsikoB poi0 (FSS) u npuHIUIOB MOAYISIPHOCTH. MBI IPEIOKIIN HOBBII
METOJ/l, OCHOBAHHBIH Ha KJIACTEPU3ALMU C MCIIOJH30BAaHUEM QITOPUTMa IIOMCKA PBIOHOW
mkonel W (ynkuun  monyisapHoctd  (FSC), KOTOpwIilt  yaydinaer MOAYJISIPHOCTH B
KIIaCTEpH3allMH CETU IIyTeM HTEPAIHOHHOTO Pa30UEHHs CeTH M ONTUMH3AIHUU (YHKIHN
MOJYJIPHOCTH. JTOT IOAXON obyerdaer oOHApy)XeHHE BBICOKOMOAYISIPHBIX CTPYKTYP
coolmiecTB, ymydmias —paspemieHue u  3(GQEKTHBHOCTh  KIAaCTepU3alMd  CEeTH. MBI
nporectupoBann FSC Ha M3BECTHBIX M HEHM3BECTHBIX CTPYKTypax ceTed. Takxke Mol
MIPOTECTUPOBATIM €ro0 Ha CEeTH, CTeHEPHPOBAHHOI ¢ Hcronb3oBaHueM Moxpenu LFR, 4roOs!
IIPOBEPHUTH €T0 IPOU3BOAUTEIBHOCTS Ha CETAX C PA3IUYHBIMU CTPYKTypaMu coodmecTs. Hamra
METOZOJIOTHS JEMOHCTPHPYET BBICOKYIO d((PEKTUBHOCTb B BBIIBICHHU CTPYKTYP COOOILIECTB,
YTO yKa3blBaeT Ha ee CHOCOOHOCTH d((EKTHBHO 3axXBaTHIBATh CIUIOYEHHBIE COOOLIECTBA M
TOYHO ONPENEIATh (PaKTHYECKUE CTPYKTYPBI COOOIIECTB.

KiroueBble cj10Ba: KiacTepusalys, airOpUTM MOMCKAa KOCSKOB pbIO, (QYHKIHS
MOZYIbHOCTH, CE€TEBbIE CTPYKTYPBL.
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