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Abstract: The growth of social networking sites (SNS) and the expansion of the
web have facilitated easy communication among people on a single platform. A
graph containing nodes and edges linking the nodes can be used to depict a social
network. While the nodes represent the people or entities, the edges depict how
these entities interact with one another. People who tend to associate with one
another in social networks who have similar choices, tastes, and preferences form
virtual clusters or communities. Finding these communities can be helpful for a
variety of purposes, including locating a shared research area in cooperative
networks, locating a user base for marketing and recommendation, and locating
protein interaction networks in biological networks. This study presents a new way
to locate communities that uses local knowledge and node space similarity. We
use graph embedding to improve Community Discovery (CD) in social networks
by combining eigenvector centrality and closeness measurements. Tests on six
real-world datasets, including DBLP, Amazon, and Ego-Facebook, reveal that the
suggested hybrid model does better than classic algorithms like Louvain, Walktrap,
and Infomap. It gets a maximum NMI of 0.91 and a modularity of 0.86. These
results show that the method is strong and can be used on a broad scale, making it
a good way to find significant community structures in big networks.

Keywords: Clustering; Communities; Social Network; Closeness and
Eigenvector Centrality; Strong and Weak Entities;

1. Introduction

As more and more of our daily activities are conducted online, there is an increasing need for social data.
People can interact and voice their thoughts on goods and policies via social media platforms [1]. Therefore,
everyone from heads of state to small business owners uses them as a source of information. Social media
platforms make everything available to a global audience without regard to demographic limitations. People
now congregate in communities and organizations to communicate and exchange information in a
virtualized social environment made possible by the widespread use of social media [2]. A social network
is a kind of networking that goes by this name. In the present world, a few of the most well-known ones are
Instagram, LinkedIn, Facebook, Twitter, and so forth. These networks’ research pushes the limits of trans-
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disciplinary fields. The network grows more complicated every day as new linkages and contents are added
without any clear definition because social media data is so different. Due to its huge data, researchers and
scientists must undertake considerable amounts of data computation because of how frequently this means
of communication is used [3]. Social network analysis (SNA) allows social phenomena to be studied within
a particular social environment. The majority of the study is carried out with data from a small community
or social networking group [4, 5].

A group of readers interested in reading publications on the same topic and age range intends to sign up
for an introductory college course [6]. A well-liked technique for simulating the connections and
interactions among elements or entities in actual systems is graph theory. In mathematics, a graph comprises
a collection of nodes connected by a collection of edges [7]. Graph theory features are applied to understand
user behavior, consumer interests, and interactions [8]. Moreover, learner interactions in social learning
settings [9, 10] are characterized by graph techniques. It enables scholars to mine complex networks for
valuable data while improving their understanding of these networks’ basic properties and structure. It is
necessary to comprehend network science and its applications to represent and evaluate the data coming
from social networks [11, 12]. These nodes are referred to as leaders who are remarkably adept at building
communities [13, 14]. Nowadays, the most studied topic in SNA is identifying communities and important
nodes because of its applications in recommender systems [15], e-learning [16], and healthcare [17]. CD is
the process of finding groups of users on the network who have similar characteristics. To determine the
network’s structure and functionality, community detection is utilized to extract the unique link between
the nodes [18]. To achieve this, three approaches can be used: using topological features, using additional
node and edge data, or merging the two [19].

Figure 1: A Graph illustrated with Communities

The graph in Figure 1 serves as an example, displaying edges between and among different communities.
As social networks, in particular, have temporal complexity and size constraints, choosing a suitable
community structure is a difficult challenge. While some approaches from the previously mentioned
categories may analyze largescale graphs rather quickly, they may also reveal low-quality community
structures [20]. High modularity indicates that the community detection process successfully grouped the
nodes into high-density, functionally well-isolated communities [21]. As seen in Figure 2, communities
inside a network are identified using the proposed approach. Starting with an input network represented by
an adjacency matrix, the process proceeds. Subsequently, significant nodes are determined by their huge
number of connections and multiple interactions [22]. Consequently, the first stage of our concept is solely
intended for node modeling in an embedding space and significance level computation. After that, the
fundamental community structure is created by comparing nodes and utilizing their influence in addition to
the Jaccard coefficient similarity. It has proven to be quite effective in converting high-dimensional graphs
into continuous, dense, low-dimensional vector spaces [15].
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Graph embedding is a highly effective approach for addressing issues in network analysis. Furthermore,
the goal of graph embedding is to transform a network into a lower-dimensional vector space while
preserving the network’s structural properties [23]. Additionally, in a space with few dimensions, it is
possible to generally depict the nodes that are close to the network by an identical vector. This simplifies
duties associated with identifying and categorizing communities. The suggested model has three distinct
phases. Initially, we establish an embedding space where the nodes are represented as vectors. We discover
nodes with an outstanding ability to create communities and great influence over others using degree
centrality metrics.

Community Network

AM=

Embedding Space

e =
S | = e e
o | Oo=o0Oo

Adjacency Matrix

'_lnfluen(ial Nodes

| |
o |

| Jaccard Coefficient
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Figure 2: Proposed Hybrid Model Ideology

Next, we create an initial community structure by clustering the nodes that are most comparable to the
well-known ones in the same community according to the Jaccard coefficient similarity in the embedding
space. In the final step, the strong communities are united with the weak communities that were removed
from the first community structure that was established in the second phase.

1.1. Significance of Research

By combining eigenvector and proximity centrality with graph embedding approaches, the proposed
hybrid methodology makes a big step forward in the field of community discovery. This model integrates
centrality and embedding instead of treating them as separate phases like most standard techniques do. This
makes it better at showing how social relationships work. This makes it easier to find cohesive, well-defined
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communities, even in big, noisy networks. This level of accuracy is very important for things like targeted
marketing, recommendation systems, e-learning networks, and biological community analysis. The
method's robustness, scalability, and practical usefulness in finding hidden patterns in complicated
networks are supported by real-world data from a variety of sources.

1.2. Motivation

This proposed approach aims to identify potential personalities that might influence social network
communities. Influencer targets may include users with high eigenvector centrality to establish brand
connections inside the communities. Another source of motivation was discovering the connections
between various cultures. Individuals with high closeness centrality can act as a bridge between different
communities, encouraging communication and the sharing of knowledge. Understanding these links might
help develop strategies to encourage collaboration between groups or more effectively distribute
information throughout the network. By combining graph clustering with eigenvector and proximity
centrality, we may gain greater insight into the information flow inside these communities as well as the
interactions between users and who impacts whom.

1.3. Research Problem

Despite the abundance of user interaction data provided by online platforms, understanding how
individuals connect and build communities remains a challenge. Conventional methods for community
detection might not fully capture the nuances of user behavior and information flow. This research proposal
aims to develop a more comprehensive approach to identifying hidden communities inside user interaction
networks.

*  How many times do members of communities have with one another?

*  Who are a community’s main actors? Who is in a position of power?

* (Can we employ a mix of eigenvector and closeness centrality to improve the accuracy and
interpretability of community recognition in user interaction networks?

1.4. Contribution
The primary innovations and contributions of our work are summarized as follows:

* A brand-new, five-phase hybrid approach is recommended for the identification of social
network communities. It starts at well-known nodes and spreads outward to locate
communities.

* Unlike earlier techniques, our hybrid model makes use of a combination of eigenvector
centralities and proximity, as well as graph statistical inference and graph embedding features.

*  We present a unique centrality metric that can effectively leverage eigenvector centrality and
closeness to improve community detection methods.

1.5. Organization

The following outlines how this research is arranged: A detailed Related Work is presented in section 2.
Comprehensive work and discussion of the hybrid technique are explained section 4. Experiment results of
a hybrid model are presented in section 6. This study is concluded in section 7 with discussions of future
work.

2. Related Work
We have primarily categorized related work in five sub-sections, such as briefed in subsequent sections:

2.1. An Index of Community Detection Techniques

The topic of community detection has been the focus of numerous studies [20], and a variety of algorithms
[24] are available for community detection. These methods can be broadly categorized as follows:
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modularity-based methods, spectral analysis-based methods, hierarchical structures, clustering methods,
random walk methods, label-propagation methods, graph-based methods, and information-theoretic
measure methods [25].

2.2. Modularity-Based Group Recognition

As stated in Equation 1, the Girvan Newman algorithm [26] used modularity, a well-known standard
metric, to identify the communities inside the network. Later, modularity was used as the basis for the
creation of several more algorithms. These algorithms yield strong comparative findings and find extensive
use in several domains, including product recommendations and research group identification [27]. The
modularity metric is adjusted and connected to the spanning tree to detect the communities [28].

1 Kmn * Km;
Qm = EZin,jn [Ainjn - mZn m] 6(Cin: Cjn) (1)
Ainn represents the adjacency matrix between vertices in and jn. n indicates how many edges there are
in the graph. Cj, indicates the class that is associated with node i. As stated in Equation 2, the Kronecker
delta is (Cis, Cjs). It equals 1 in the case when c1 equals c2 and 0 otherwise.

)

A density-based method is another approach to CD [29]; however, in this method, the algorithm receives
the resolution parameter as an input. By identifying and resolving its weaknesses, the community becomes
more cohesive [30]. However, while employing this strategy, the modularity and NMI performance metrics
are worse for particular networks when compared to other algorithms.

_ if in and jn are in similar community
5(Cin Gn) = {0 else

2.3. Comparing Current Community Detection Techniques

Numerous approaches have been used in the past to address the community detection problem.
Communities can be found using a variety of techniques, such as networks, modularity, mathematical
models, and evolutionary computing. Examples of these models include fuzzy [31] logic, matrix
factorization [32], and statistics [33]. Clans [34], local communities [35], and network embedding [36] are
a few instances of how the network approach can be used to study. According to Louvain [37], Leiden [38,
39], Girvan Newman [26], and Greedy modularity [40], the modularity technique maximizes community
quality. Evolutionary computational strategies utilize abstract concepts from biological evolutionary theory
to develop optimization algorithms or methodologies. This approach integrates the principles of biological
evolution with computer technologies such as particle swarm optimization [41] and genetic algorithms [42].
Nevertheless, several of the methods employed to get this utmost modularity result in sub-optimal outcomes.
Furthermore, several algorithms produce groups of either significant or insignificant size that may lack
practical relevance. Certain algorithms exhibit lower adaptability to network changes compared to others,
particularly those that involve the addition or removal of edges or nodes. The outcomes vary when various
techniques are employed to analyze a network to identify communities. Each technique yields distinct
modularity and community outcomes [43].

Table 1: Review of Community Detection Algorithms

Approach  Main Highlights Parameters Algorithm Time
Complexity
Hafez et al. Expectation Maximization Directed Acyclic Bayesian 0 (m.k)
[44] (EM), Statistical model of Graphs, EM network
the interactions ~among  egtimates statistical
participants in a social model
network
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Srinivas et Simultaneously determine Intra-community Mathematical O (d,, + k3,)
al. [45] the community structure distance, programming
and the influential nodes Intercluster model
linked to each community.  distance
Cheng et Invoke the FPC() and The minimum The Node 0 (nlog(n))
al. [46] PCM() functions to execute and ~ maximum  SimjlarityBas
the two stages. number of eod Local
nodes, average Algorithm
degree, and
maximum (NSA)
degree.
You etal.  Identification of central Local and the Optimization O(n3
[47] nodes, the spread of labels, global algorithms + (nlog(n))
and combining of information + 0(n3)
communities
Kasoro et Identify the complete set of Eigenvector Clique NA
al. [48] communities  that _are  Centrality percqlation
computed by the clique |nethod algorithm
percolation algorithm. (CPM)
Tahir et al. MCD (Mutual inter-connected  clustering NA
[49] Community Detection) nodes coefficient
refers to the analysis of approach
mutual connectivity inside
various networks, such as
U.S. airline firms and the
Zachary Karate Club.
Bai et al. Convert an intricate  Leading and Tree-based 0(2n.m + n)
[50] network into a streamlined following Community
network, specifically a degrees D .
. etection
weighted tree (or forest). .
algorithm

2.4. Difficulties in Community Detection: Going Beyond Local Optima

There are various reasons why local optima for community detection may emerge. Because of a
resolution limit, modularity-based community detection algorithms may miss small communities [51]. The
technique of generalized modularity density can identify communities of various sizes and shapes by
evaluating the node density within the network [52]. Modularity based on Z-scores, which standardizes the
modularity score, is a further technique that can identify communities of varying sizes [53]. Another notable
issue is the insufficient community infrastructure [54]. Various methods, such as disguised community
identification and weak supervision, have been suggested by researchers to tackle this problem [55]. Hidden
communities refer to clandestine or obscure groups that are difficult to identify using conventional
community detection techniques. Another approach to community structure recognition is weak supervision,
which uses the node2vec method [56] to identify communities with varying sizes and forms. Communities
that have a low level of embedding also provide difficulties in identification, as stated by [57] in their study
on node2vec.
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2.5. Hybrid Method for Community Detection using Enhanced Modularity

A summary is provided in Table 1, along with a description of their primary contributions. Most
algorithms to detect communities also use modularity and similarity measurements separately [58]. Here,
the suggested hybrid approach makes use of the modularity of the network metrics, including proximity
and eigenvector centrality, to enhance the final community structure. Furthermore, our method outperforms
previous algorithms in terms of collaborative outcomes, NMI values, and node classification. It also
demonstrates excellent modularity.

3. Prelude and Denotation

This section gives a brief description of the hybrid model that is suggested and shows an example of the
graph measurements that are employed. The suggested approach’s architecture design is shown in Figure
2. There are five stages to the suggested model. First, we construct an embedding space where vector
representations of the nodes are found. Using degree centrality measurements, we identify nodes that have
a remarkable capacity to form communities and exert significant influence over others. In addition, we use
the Jaccard coefficient similarity in the embedding space to cluster nodes that are very similar to well-
known nodes in the same community, so creating an initial community structure. In addition, the
communities are classified into groupings that are either weak or powerful. Furthermore, the less resilient
communities that were initially left out from the initial community structure produced during the s phase
are merged with the more robust communities. Lastly, the final communities are detected and ranked
according to modularity and NMI values.

3.1. Problem Denotation
This study depicts a community of people as an unweighted and undirected graph G.= (N,,E4), which is
composed of a set of m. edges £sC NoxN,, where Eg = u;, uje % The nodes in the social network are their

users, and the edges represent their ties or interactions with each other. In this case, our objective is to divide
graph G into a collection of separate communities, ensuring that each user u; in the neighborhood N, is
distinct inside a community. The primary goal is to identify a community arrangement in which users
exhibit strong connections with other users within the same community CieD while having weak
connections with users in different communities Cj # ieD. Furthermore, our objective is to identify
significant actors or leaders inside each community OieD to improve our comprehension of the internal
organization of each community.

3.2. Significance of Nodes

3.2.1. Adjacency Matrix

The matrix representing the adjacency A of graph G G = (N,D) is a nxn matrix, where N = uy,ua,...., U,
and £ = E.|(ui,u))eN. AG = [ai,j]1 <i,j <n as shown in Equation 3.

0 = {1 if €yu; € E
o 0 otherwise

3)

3.2.2. Degree of Node

The degree of a graph G = (N,E) is the number of edges that connect a node. Equation 4 provides the
algorithm for computing the degree of a collection of neighbors of a node, represented by (u):

Degs(w;) = lpe(u)l = [{ujeN|a;; =1} 4

where a;;= 1 denotes the presence of an edge between u; and u;, and —PG(w;) is the cardinality of the
collection of neighbors. Formally speaking, the degree of node u;cN with AG = a; xn is given in Equation 5:

Degq(u;) = Xi=1a; Q)
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Users who participate in a greater number of interactions than their peers may possess more influence
and have more convenient access to information. Individuals with the highest level of education in the
network are seen as active nodes, or hubs, capable of disseminating knowledge within a certain area of the
graph. When it comes to community detection, it is essential to focus on these nodes as they are typically
the most important and have a high probability of forming communities.

Table 2: Time complexity of different centrality measures

Approach Centrality Measure Time Complexity
Freeman et Degree Neighbors based Centrality O(n)
al. [59]
Freeman et Closeness diameter based Centrality O(n.log(n) + n.m)
al. [60]
Borgatti et al. Eigenvector values based Centrality o(n®)
[61]
Borgatti et al. Betweenness flow based Centrality o(n%)
[61]

3.2.3. Degree Centrality of Node

A vertex’s relative importance inside the network is expressed using a simple metric known as degree
centrality. To facilitate comparison, it is frequently advantageous to normalize the degree value mentioned
in Equation 6. The degree centrality of node u;N is represented as DCq (1;) whenever there is an adjacency
matrix AG = [a;xn].

Degg(u;i) 1
DCq(uy) = n+(11 = — X1 4 (6)

Eigenvector centrality, betweenness centrality, and proximity centrality are a few of them. Each statistic
represents a distinct interest point. These centrality metrics have detailed explanations in Table 2.

Figure 3: Community with Closeness Centrality

3.2.4. Closeness Centrality

According to [62], the closeness centrality CC. of a node in a network is calculated by taking the
reciprocal of the total length of the shortest paths that connect the node to all other nodes. This calculation
may be seen in Figure 3. Equation 7 provides the estimated normalized CC, of node j.
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4 No-1
cell Tr2y dGUik)

The value of |V | is equal to N. The closeness centrality values of the nodes are often denoted as the CC,
vector when the CC.[j] values are organized into a vector of length N. Importantly, the normalized CC. of
(1) adheres to the fundamental principle of centrality, wherein a greater CC, value signifies greater
significance. However, for the sake of making things easier, we take into account the combined length of
all the shortest routes, as given by Equation 8, from each given node to every other node:

di[k] = %72, dlg(k,j) ®)

(7

Figure 4: Community with Eigenvector Centrality

3.2.5. Eigenvector Centrality

In eigenvector centrality [63], as shown in Figure 4, the neighboring node’s importance is considered in
addition to the total number of neighboring nodes, whereas, in degree centrality, a node’s degree centrality
is simply computed by counting all of the nodes that are connected, as provided in Equation 9. In
eigenvector centrality, not all connections are created equal. One’s impact is usually larger in relationships
with prominent people than with less influential people. Apart from its connections, the connected node’s
score (eigenvector centrality) is important in eigenvector centrality. Eigenvector centrality is computed by
assessing a person’s level of connectivity to the network’s most strongly related segments. Individuals with
high eigenvector analysis scores are highly connected, with many of those connections reaching to the
network’s conclusion. Eigenvector domination of the adjacency matrix is known as eigenvector centrality.
A variant of eigenvector centrality, created by [64], is Google’s PageRank. SCAN++ is predicated on the
observation that real-world graphs, like web graphs, have high clustering coefficient scores [65]. Node
density is determined by a node’s clustering coefficient [66]. A node’s clustering coefficient score rises
when it and its nearby nodes get closer to a full graph, also known as a clique as shown in Figure 5. That
is, it is predicted that a node and its two-hop-away node, particularly in real world graphs [67], will share a
significant portion of their neighborhoods. This feature is the basis for SCAN++’s pruning of the density
evaluation for shared nodes between a node and its two-hop-away node.

Av =Av 9)
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An eigenvector of a square matrix A is a non-zero vector v that, when multiplied by A, results in a
constant multiple of v. This constant multiple is typically represented by the symbol A. The eigenvalue 4
corresponds to the vector v in matrix A. The individuals who possess high eigenvector centrality are the
ones who have leadership positions inside the network. They are often well-known individuals with a wide
network of connections to other notable figures. They frequently serve as significant thought leaders as a
result. On the other hand, high betweenness and high closeness roles may not always be able to be played
by people with high Eigenvector centrality. The time complexity of combining proximity centrality and
eigenvector centrality for community detection can be minimized by addressing the computational
bottlenecks related to each metric. We reduced the temporal complexity of the closeness centrality using
the random sample technique. Instead of calculating closeness centrality for every user, think about using
a random sampling technique. This requires fewer calculations and provides a good approximation of
average proximity centrality inside the network. To reduce the temporal complexity for eigenvector
centrality measures, we employed iterative techniques. It claims that iterative methods like the Power
Method can be used to calculate eigenvector centrality. These methods may take more iterations to converge,
but they are often faster than explicitly computing the eigenvectors of the adjacency matrix.

4. Proposed Ideology

We define the key terms of our proposed hybrid model and then go into great detail to explain each of
the model’s phases. The flow diagram for the Proposed Hybrid model is shown in Figure 6. The proposed
method is composed of the following main steps:

1. Performing the extraction of influential nodes and the generation of an embedding space.
Determining the initial configuration of the community.

Choosing strong and weak communities.

Community final merging.

Community detection and ranking based on modularity and NMI values.

kW

4.1. Nodes with Significant Influence

It enables the identification of people who are highly relevant for a range of vocations because of their
ability to disseminate knowledge and information within the network rapidly. We employ algorithm 1 to
extract the most influential nodes and initiate the community detection process, taking into account the
degree, proximity, and eigenvector centrality measurements. The centers of the communities are these
powerful nodes. Then, after placing each node in the network in descending order based on their degree
centrality value, we utilize the LE technique to create the embedding space. The representation of nodes as
vectors in the embedding space makes it easier to analyze the network’s structure and interactions. After
the formation of the embedding space, each node in the network is assigned the label Not visited indicating
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that they have not yet been assigned to a community. The following is a summary of the primary steps in
community detection:

1. After determining the level of centrality of each node, place the nodes in decreasing order.
2. Create the embedding space using the Laplacian Eigenvectors technique.
3. Give each node a “No visited” flag.

Algorithm 1: Selection of Influential Nodes

Require: Influential Nodes and Embedding Space
Ensure: G(V,E), Dimension: d
1. To extract influential nodes, calculate the DC, using Closeness and Eigenvector
centralities using Equations 7, and 9.
Sort the nodes in the graph in descending order.
Vin < influential nodes
Marked the nodes that are not visited.
Status (VieVin) =Not Visited
To obtain embedding space, use the LE method.
Embed = Laplacian Eigenmap (G, d) returns influential nodes and embedding space.

Begin >

SO A WD

Calculate the Similarity using
Jaccard Coefficient using
(Algorithm 2)

l

Similarity >
Threshold

l Yes

I Select Strong and Weak Nodes

!

Add Strong and Weak nodes in
similar community using
Algorithm 3

All Nodes
Status Visited

l Yes

Calculate the Similarity (Jaccard
Coefficient) and Merge
Communities using (Algorithm 4)

}

Similarity >
Maximum

l Yes

Rank the Communities using Finally Detection Communities

Modularity and NMI values using (Algorithm 5) of Indexed
l Strong and Weak Communities

Figure 6: Flow diagram for the selection of community

Extraction of Influential Nodes (Algorithm 1) ‘

}

| Calculate the Degree Centrality I

)

| Closeness and Eigenvector I

l

| Sort in descending order I

)

Select high degree centrality
node

Masking Nodes (Visited/Not
Visited)

Not Visited

|~

Select high degree centrality

Yes

node
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4.2. Initial Community Identification

The similarity is calculated using algorithm 2 in the embedding space created by the Laplacian
Eigenvectors method using the Jaccard Coefficient metric. Nodes that show a a preset threshold, S. Once
the initial community has been built and the status of its members has been changed to “Visited,” we
proceed to the next node that has not been visited yet and has the highest level of centrality. To summarize,
the algorithm 2 consists of a series of well-structured steps:

1. Select the node with the maximum centrality and a state of Not-visited.

2. Calculate the Jaccard Coefficient of Similarity between the most influential node and the
remaining nodes that have the status of not-visited.

3. Combine the most important node in the community with additional nodes that are comparable
to it, and then designate them as “Visited.”

4. Continue doing the identical procedures for the subsequent significant vertex that has not been
visited until all the vertices in the graph have been marked as visited.

Algorithm 2: Identify initial community structure

Require: PC nitial) = C), C,, ... C,initial community structure
Ensure: G (V, E), influential nodes and embedding space, Threshold: S
1. P& {}

2. whilei<ndo

3. if Status (Vin[1] ==Not Visited) then

4. Coi € vin

5. Cu.append < Co

6. end if

7. whilej=i+1<ndo

8. if Status (Vin[j] ==Not Visited) then
9. Similarity = JC (embed(co), embed (Vin[j]))
10. if Similarity > S then

11. Cu.append < vin[j]

12. Status Vin[j] & Visited

13. end if

14. end if

15.  end while

16. end while

17. P.append (Cu)

18. Co= {}

19. PC (initial) & Merge(P)

4.3. Selection of Strong and Weak Communities

Weak communities are smaller than those found outside of them, they may be singleton communities,
for instance, or have fewer interactions among members. Consequently, some of the acquired communities
need to be joined to get the optimal community structure for the graph, as provided by Algorithm 3.

Algorithm 3: Weak and Strong Communities

Require: Selection of Weak and Strong Communities
Ensure: PC(Final) = C;, C, ...., C, Select Strong and Weak communities among P

1. while Ci e P do
2. if length (Ci < Average (Vi) or Ci A any 3-clique then
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3 Cweak.append(C;)

4 else

5. Cstrong.-append(Cs)

6 PCrinai.append(Csirong)
7 end if

8. end while

4.4. Final Merging of Communities

The most popular methods for community structure optimization have been proposed in the literature
and are centered around maximizing or minimizing a certain objective function. The next stage, which is
described in Algorithm 4, is to identify which communities were weak in the initial community structure
and merge them with strong communities. To minimize the temporal complexity as much as feasible, we
calculated the Jaccard Coefficient similarity [68] between the cores of strong communities and the members
of weak communities. The initial stage in merging weak and strong communities is to find the Jaccard
Coefficient similarity between each weak community’s nodes and each strong community’s core that can
be calculated using Equation 10.

Algorithm 4: Finally Merging Strong and Weak Communities

Require: PCMerged) = Ci, C,, ...., C, Merged communities
Ensure: PC(Final)

1. while i € Csyong do

2 Maximumsmlamy =2

3 Indexsirong = 0

4. Indexweak < 0

5 while j € Cweak do Calculate the Jaccard Coefficient similarity of each Strong and
Weak community using Equations 10, 11, and 12.

6 if Similarity(i,j) > Maximumsimitarity then
7. Maximumsimilariy = Similarity (i, j)

8 IndeXsirong & 1

9. Indexweak < j

10. end if

11. end while
12. end while
13. 1 & Indexweax U IndeXsirong

i Jaccard _ INuNNy|
sim (u,v) U] (10)

N, and N,represent the collection of things that users u and v, respectively, have rated. The addition rule
theorem is applied in this case to form [N, N N,| = |N,| + |N,| — [N. N Ny, since N, and N, are not mutually

exclusive. On the other hand, according to Equation 11, |Nu| and |Nv| represent the cardinality of the sets
Ny and N,, respectively.

sim (u v)]accard — [Ny NNy | (11)
’ |Nu|+|Nv|_|Nuan|

Suppose IN,|, IN,| are the cardinality of the set of items un-co-rated by users u and v respectively.
Hence, |N,| = |Ny| — I[Ny, N N,| and |N,|=|N,| — |N, N N,|. As a result, the Jaccard similarity can be
written as in Equation 12.
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Sim (u v)]accard — |Nuan| — |Nuan| (12)
’ (INy | +INy ANy )+ (INp [+ Ny ANy D= INy ANy | [Ny |+[Np |+ Ny NN |

Modularity is the main parameter to take into account when talking about community detection. A
network’s ability to be separated into groups is measured by its modularity [69]. Optimization structures
utilize modularity to detect community networks. This pertains to the disparity between the real and
anticipated quantities of edges. The notation employed in Equation 13 denotes modularity Q:

— 2
Q = Xi(ey —aj) (13)
Two communities should be merged if there are a greater number of connections between them

compared to other groupings as can be extracted using algorithm 5. The variable /; is defined as the count
of inter-community linkages between C;and C, as stated in Equation 14.

lij = |(17i, 'Uj): Vi € Ci and 'Uj € C]| (14)

We use Equation 15 to determine if, among all the communities in the community setting, the
community C;and C;should merge.
=
SU - dcidc; (15)
Let Omjrepresent the community set’s modularity before merging. If Om; > Om, merge Com; and Com;
into a single community to update the community structure. This process should be continued until there is
no more room for improvement in modularity; at that time, the resulting community structure will have the
highest feasible modularity. Inter- and intra-community edges are used to visually portray the identified
communities to improve understanding of the relationships between nodes and communities.

Algorithm 5: Detecting Community

Require: Final set of communities
Ensure: List of Cweak, Cstrong

Com < 0
while for every node u; in V; do
Retrieve node based on similarity of ui, as vj
if Cui,Cvj ﬂ then
Create Cyi as Cyi = {u;,vj}
Com < Com U {Cui}
else if C,i 3 and v;j A in any Com; then
Cui € Cui U {vj}
9. else if C,; 3 and u; A in any Com; then
10. Cyj & Cy U {ui}
11.  endif
12.  Repeat
13. end while
14. Compute modularity Q by using Equations 1, 14, and 15.
15. Select Com; and Com; such that St;; = max[Stmn : Com, Con] € Com using Equation 15.
16. Compute Modularity Qu; for Com - Com;, Com; U Com; U Com,;.
17. if Qmj > Qm then
18. Com; < Com; U Com;
19. Com = Com — {Comi,Comj}
20. Com; = Com U Com;
21. end if till modularity does not show any improvement.

XNAINE LD~
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5. Evaluation

Modularity can be utilized to evaluate the results of multiple algorithms and identify the optimal method
through CD.

5.1. Modularity

The initial measure is widely recognized in the literature. This method compares the actual connections
within a community with the likelihood of finding those connections in a randomly generated network. The
utility of a network is highest when there is a high density of links within communities and a low density
of links between communities. The division that has the highest modularity score is regarded as the most
optimal one in this scenario. Equation 16 provides the modularity of division D for a graph G in the
following manner:

QD) = T2 (e — a?) (16)

The likelihood of an intra-community link in the community C;is denoted by e;;, while the likelihood of
a relationship with at least one extremity is indicated by a;. The information that is normalized mutually
(NMI) Normalized mutual information (NMI), normalized to a number between O and 1, is used to
determine the amount of information about two variables. The NMI is calculated using Equation 17, which
involves taking the logarithm of the ratio between the joint probability of communities U and V and the
product of the probabilities of each community, denoted as logPUV (i,j) PU(Q)PV (j). Values approaching
1 imply a robust connection between two variables, while values approaching 0 signify a feeble one.

R C - Pyy @)
2Xi=1 Xj=1 Puv (L) logg G o (17)

NMI(U,V) = -¥R Py logPy(i) - ¥R, Py (i)log Py (i)

6. Experiments and Results

This section presents the datasets and the algorithm’s performance evaluation of the most sophisticated
community detection methods. This axis’s main goal is to carry out an experimental analysis to see whether
our plan is feasible. We accomplish this by testing the model’s performance on both simulated and real-
world networks. As performance measures, we use industry-standard measurements like Modularity and
NML

6.1. Experimental Setup

An Intel(R) Core (TM) 17 with 8 GB RAM and a 2.30 GHz processor was used to perform the suggested
algorithm. While the code is written in Python, the remaining techniques were implemented using the
Python igraph [70] package. To further visualize the identified communities, the network [71] module in
Python is employed. Table 3 provides an overview of the six real-world datasets that we used using the
recommended technique.

Table 3: Real world datasets

Approach Network m n

[72] Karate 78 34 2

[73] Dolphins 259 62 2

[40] Football 613 115 12
[74] Amazon 925872 334863 75149
[74] DBLP 1049866 317080 13477
[75] Ego-Facebook 4039 388234 13
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6.2. Real World Datasets

1. The network of Zachary’s Karate Club is discussed in the paper by [72]. Zachary created a
tangible network by utilizing the social connections among the 34 individuals in a karate group.
Due to a political argument between the club’s administration and instructor, the network has
been separated into two sections. For this study, we utilize the most basic iteration of this
network.

2. According to a social network called The Dolphin’s Network [73], 62 bottle-nose dolphins that
were sighted in New Zealand between 1994 and 2001 regularly formed associations with one
another. Within the network, there are two groups.

3. According to [40], the College Football Network displays the 2000 college football schedule,
with teams represented by vertices and games between two teams represented by edges. Of the
115 vertices in the network, twelve are coalitions.

4. The data for the Amazon product co-purchasing network was obtained by systematically
browsing the Amazon website, where vertices stand in for the items [74]. If items I and J are
routinely bought together, an undirected edge forms between them.

5. A co-authorship network called the Digital Bibliography and Library Project (DBLP) [74]
connects authors who have collaborated on at least one paper.

6. An individual’s social network is represented by the Ego-Facebook Network Data Set, which is
made up of groups from Facebook networks (also known as friends lists). With Facebook users
as vertices and various types of relationships between 10 ego-networks as edges, it contains
4039 nodes and 88234 edges, each of which has 193 ground-truth circles [75].

6.3. Evaluation and Discussion

A few particular adjustments are needed for the suggested algorithm to function better. Using the
Eigenmaps approach, we first extract the most influential nodes. The obtained vectors in the embedding
space are employed in the second and third rounds of the proposed method to construct and improve the
initial community structure [30, 32]. Therefore, the value of d directly affects how communities are
identified. As such, it has a major impact on the performance of the proposed model. The actual network
structure will modify this value to determine the appropriate dimension d. The second step of the proposed
method is to cluster the node-representation vectors based on their similarity. The goal is to establish an
initial community structure by clustering nodes that are similar to each other, which can then be further
improved in the third phase. A node is said to belong to the community of an influential node if there exists
a substantial degree of similarity between them. During the trial phase, a node is deemed to be a member
of the core community if the similarity between the two nodes surpasses 0.8. It is crucial to remember that
this value was utilized by every network that was analyzed [34]. We have used Algorithm 5 on the six real-
world networks with ground truth community structure. The found community structures were assessed
and measured for both modularity and NMI using Algorithm 5 and state-of-the-art methods. Tables 4 and
5 present the findings of the assessment metrics, listing and contrasting them with the most sophisticated
community detection methods.

Figure 7: Karate Club Community structure (Left) Ground Truth (Right) Community Structure detected
by Hybrid Model
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The findings of Algorithm 5 for every network on the list were analyzed and presented individually. The
ground truth and the Algorithm 5 discovered communities’ visualization are displayed in the figures for
each data collection. The identified communities are highlighted with different colors. Here, we illustrate
the intermediate steps for applying algorithm 5 to derive the final community structure from the karate club
network’s preliminary community structure.

Table 4 Modularity values obtained in real-life datasets with ground truth
Networks Louvain Spinglass Walktrap FLPA Girvan Infomap Proposed

[37] [76] [77] [22] Newman [78]
[40]

Karate 0.52 0.55 0.53 0.57 0.50 0.52 0.61
Dolphins 0.41 0.43 0.46 0.44 0.49 0.47 0.53
Football 0.71 0.53 0.62 0.51 0.54 0.63 0.55
Amazon 0.62 0.63 0.65 0.60 0.66 0.62 0.78

DBLP 0.50 0.62 0.72 0.59 0.61 0.76 0.86

Ego- 0.50 0.62 0.42 0.64 0.48 0.46 0.67

Facebook

At each phase, two communities are selected, and those communities are then amalgamated, based on
the number of edges both within and between communities. The communities will merge once again if the
modularity keeps getting better. The karate club network in Figure 7 was processed using algorithm 5,
producing different communities in the result, compared to two in the ground truth. However, the
modularity and NMI are higher than with the other methods [24, 26]. Figure 8 shows the resulting dolphin
social network, which has six communities instead of the ground truth’s four communities. The NMI of the
found communities is the greatest among the different algorithms. Furthermore, modularity is comparable
to Louvain [37] and Infomap [78] algorithms and is higher. The communities with the highest modularity
and NMI have been discovered, among other approaches. Our method using algorithms from 1 to 5
produces better NMI and modularity when compared to the ground truth, even while the number of
recognized communities varies. We use the proposed algorithm along with related methods [20, 23]to
extract communities from the six real-world networks presented in Table 3 once the experimental setup and
data are collected. The suggested algorithm successfully identifies the Karate network’s communities with
unique membership features, displayed in Figure 7.

Table 5: NMI values obtained in real-life datasets with ground truth
Networks Louvain Spinglass Walktrap FLPA Girvan  Infomap Proposed

[37] [76] [77] [22] Newman [78]
[40]
Karate 0.62 0.65 0.68 0.60 0.65 0.69 0.74
Dolphins 0.42 0.59 0.59 0.42 0.56 0.59 0.65
Football 0.74 0.70 0.75 0.71 0.73 0.76 0.80
Amazon 0.60 0.64 0.65 0.50 0.70 0.57 0.82
DBLP 0.80 0.83 0.85 0.81 0.84 0.86 0.91
Ego- 0.60 0.52 0.58 0.54 0.68 0.66 0.72

Facebook
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Figure 8: Dolphin Community structure (Left) Ground Truth (Right) Community Structure detected by
Hybrid Model

Table 6: Final ranking for the compared algorithms in terms of NMI on six Datasets

Networks Louvain Spinglass Walktrap FLPA Girvan Infomap Proposed

[37] [76] [77] [22] Newman [78]
[40]
Karate 6 8 5 11 10 8 1
Dolphins 3 12 8 4 7 5 1
Football 7 3 2 8 5 6 1
Amazon 3 5 7 4 6 4 2
DBLP 10 11 6 5 5 7 1
Ego- 11 13 8 4 7 9 5

Facebook

This is further corroborated by the NMI metrics in Table 6, demonstrating how the suggested algorithm
performs better than alternative methods in obtaining higher values. This figure 7 demonstrates that the
suggested method works better for the Karate network, despite having a lower value than the Walktrap [77],
FLPA [22], Louvain [37], and Spinglass [76] algorithms. Regardless of the size of the dataset, our method
computes a community structure that is more congruent with the ground truth than opposing approaches.
As Table 6 makes clear, our idea has further important advantages. The stability of our proposed hybrid
model algorithm surpasses that of other algorithms, including Louvain [37], FLPA [22], and Spinglass [76].
This is true as our concept does not rely on a haphazard process.

Figure 9: Clustering of different Communities
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Additionally, our suggested hybrid model works well in dense graphs, providing significant NMI values,
which is seen to be an essential benefit for social network community finding. Figure 9 displays the
community structure that the hybrid model identified. To summarize, as discussed in [19] the quick
identification of a community structure that closely mimics the actual structure. Therefore, our approach
performs exceptionally well in locating significant communities inside social networks.

To demonstrate how much better the recommended method is, the experiment selects the baseline
approaches, which include several traditional community detection techniques and well-known clustering
techniques. To assess the performance of the Proposed technique, it will be compared to existing
embedding-based baselines with existing graph embedding baseline approaches [1-3] for CD, we fit
networks into them. After that, we extract community divisions from the lowdimensional vector space we
have learned using the Algorithm 5. Using the data from Tables 4 and 5, we compare the results with our
proposed technique and six existing community detection methods on the network of real-world ground
truth datasets. We used the modularity value (Q) and the NMI value in the evaluation procedure following
[6, 8, 10]. The strategy achieves all six of the highest NMI values and all five of the highest Q values in the
real-world community datasets. Even if there is a tiny discrepancy between the Q values produced from the
Ego-Facebook dataset and the Q values in the Dolphins dataset, the largest NMI value of 1 is attained,
demonstrating that it is exactly the correct community for the actual categorization. In the DBLP dataset,
the recommended approach performs better than the other methods [4, 5]and yields more accurate
information, obtaining the greatest NMI value of 0.91. The Amazon dataset has higher Q and NMI values,
and the NMI is closer to 1, which is more consistent with data from genuine communities. With the greatest
outcomes and the greatest rationality and effectiveness compared to the other algorithms, which generated
the least modularity, was DBLP.

The empirical results give compelling proof that the suggested hybrid algorithm performs well at finding
meaningful communities across a wide range of real-world networks. The approach got the best modularity
(Q =0.86) and NMI (NMI = 0.91) on the DBLP dataset, beating the best methods like Louvain, Infomap,
and Walktrap. On networks like Karate and Dolphins, the model also consistently came in first in modularity
and NMI, which means it did a superior job of grouping nodes by structure. The results show that combining
eigenvector and proximity centrality with embedding methods makes it easier to find important nodes and
community boundaries. The higher modularity shows that the algorithm is good at building communities
that are dense on the inside and sparse on the outside. The high NMI scores show that the results match the
ground truth. So, the suggested model shows that it can be used in a wide range of situations, is accurate,
and is useful in real life with complicated graph topologies.

6.4. Time Complexity

The greedy method requires 0(n+m) for each iteration. CN iterations were required for this method to
function. Consequently, the overall time complexity of this algorithm was O(m + n)(n). Since there are more
edges than nodes in the graph, O(mn) has the highest level of complexity. In the end, the temporal
complexity of the method can be represented by Equation 18 as follows:

T(N) = (m.d3) + 0(n?) + O(ns.nw) (18)

which is almost equivalent to O (m.d?).

7. Conclusion

Easy communication between individuals on a single platform has been made possible by the growth of
the web and the development of SNS. A graph containing nodes and edges linking the nodes can be used
to depict a social network. The edges show how these entities interact with one another, whereas the nodes
represent the individuals or entities. Individuals with comparable choices, tastes, and preferences who
frequently connect on social media platforms create virtual groups or communities. It entails recognizing
cohesive groups with related entities and setting cohesive groups apart from other groupings. Numerous
approaches have been put out for community detection, each taking a distinct angle on the issue. Large-
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scale graph handling community detection techniques, however, are now required since complex and huge
networks are emerging across multiple sectors. This research suggests a new method to detect social
networks of people depending on community knowledge and embedding spaces of similar nodes. To
improve CD in social networks, we integrate eigenvector centrality and closeness measurements.
Comprehensive tests on real-world networks show our proposal’s effectiveness. The experimental findings
demonstrate how robust and efficient the suggested method is, and how well it performs in large-scale
graphs when compared to other well-known algorithms. The complexity of the algorithm stays quadratic
about the number of vertices and linear about the number of iterations. This algorithm is still not very good
at solving big data challenges. However, there is still research to see if changing the data format will bring
the complexity down to almost a linear level. It is also possible to develop better disassembly methods for
communities and nodes, which would require fewer iterations to achieve increased modularity. This method
can be applied to real-world problems to detect communities in the bio-informatics industry, which entails
assembling the major proteins involved in cancer and searching for functional connections within the
resulting communities.

7.1. Limitations

The quality of the user interaction data may affect the computed centrality measures. Inaccurate or
lacking data may lead to incorrect inferences. Online sites may restrict access to user interaction data due
to privacy limitations. It is imperative to consider ethical considerations when collecting and utilizing this
type of data. Computing proximity centrality and eigenvector centrality can be computationally costly for
very large user interaction networks. This might limit how large the method can be scaled for real-world
applications. When paired with other user data, careful feature engineering can be required to guarantee
that centrality ratings make a substantial contribution to the clustering process. User interaction networks
are dynamic, and communities are subject to change over time. It’s possible that the communities that have
been identified don’t precisely match the most recent configuration of the network.
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