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ABSTRACT

Keyword co-occurrence analysis is essential for understanding emerging trends in research and discovering specific studies.
The process of detecting communities by the group nodes in a network based on their interconnection as a structure is
called community detection. The community detection algorithm helps analyze and detect the real connection as clusters
as a structure within the network. Visualization is one of the significant ways to understand complex networks like
community structures. The main aim of this work focuses on visualizing the detected communities based on the co-
occurrence of keywords using traditional community detection algorithms. The methodology involves a process of
gathering deep learning-based articles from Scopus Bibliographic Dataset (SBD) information based on three major time
frames as network datasets, namely SBD 1 as 2006-2013, SBD_2 as 2014-2016 and SBD 3 as 2017. This data is mainly
worked with Indexed keyword fields as nodes and their weighted co-occurrences as edges into networks. This work
proposed a framework for converting the bibliographic data into graphs for visualizing the detected communities. This
work helps scholars to understand the connections among keywords and patterns for their effective research works like
extracting academic research articles through exact keyword matching
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INTRODUCTION

Detecting communities from the network has become a
requisite topic in social network analysis and applications
research domain [1-4]. Finding collections of nodes that are
closely connected to each other but distinct from the other
parts of the network is generally known as community
detection [5-8]. These interrelated groupings of nodes are
frequently labeled as communities. Community detection in
various applications based on keyword co-occurrence
networks which include extraction of exact relevant
research articles from the academic database, modeling
topics in large documents, clustering research papers by
their keywords, social network analysis to identify groups
with shared interests and search engine optimization
through keyword relationship analysis [9-13].
Co-occurrence networks provide a way to approach
analyzing similar patterns among keywords, abstracts,
authors, or citations [14—16]. However, this work focuses
only on Indexed keywords of Scopus Bibliographic Dataset
(SBD). These networks are created via interconnecting
pairs of keywords by detecting groupings of nodes based on
their interconnections [17-19]. Networks consist of nodes
and links that show connections between pairs of nodes
[20-22] . Co-occurrence network analysis is used to
observe structures and research interests within a certain
domain [23,24] .

Visualizing the bibliometric data into networks is an
efficient approach for discovering the more complicated
interconnections among scientific articles [25-27]. This
process includes the implementation of visualization
methods and processes to analyze the interconnection
among various scientific articles based on this bibliometric
data, such as citations, co-authorship, and co-occurrence
[28,29]. Visualizations would benefit scholars to find
significant authors, articles and emerging trends for
enhancing academic research and attract the researcher’s
attention for a long time. This provides a significant
understanding of the dynamics of scholarly communication
and cooperation. Visualizing techniques are also extended
to envision larger-scale complex graphs by using detected
communities to compress the original graph. Social media
along with other online platforms enable the formation of
enormous digital community networks during the recent
period of rapid expansion. Social scientists require
comprehensive knowledge of community structures
together with their behavioral patterns to achieve accurate
results in both rumor detection processes and political
sentiment analysis operations. Multiple detection strategies
exist to analyze these social interaction clusters together
with their meanings specifically when detecting
misinformation and analyzing social polarization. The
research by Xu et al. (2023) applied graph neural networks
to recognize social media rumors because network-based
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methods excel at detecting patterns of community behavior
[30]. Traditional community detection algorithms keep their
value because of their scalability and clarity and minimal
computational requirements even when the latest solutions
from deep learning and GNNs exist. Networked data
becomes easily understandable through these methods
because they show community structures while offering
visual insight. The assessment of complex community
patterns requires visual tools as essential elements which
support their understanding. Safuan et al. (2024) proved
that Tableau delivers effective visualizations of financial
information which supports wider applications for visual
analytics during pattern recognition processes. According
to Riskhan et al. (2024) and Aziz et al. (2023) the
identification of relevant clusters holds essential value
when analyzing both religious mindsets and phishing
activity because it enables the identification of tightly
bonded groups in extensive networks. Research adopts
widely-used algorithms to find and represent communities
in network data with the purpose of merging analytical
information with visual interpretation capabilities [31-34].
The methodology for analyzing and visualizing the
keywords from bibliographic data becomes efficient by
using keyword co-occurrence networks with the help of
NLP techniques [35-41] for preprocessing the data. This
implementation is carried out based on Python-based
approaches for community detection [42—48]. This helps to
reveal hidden structures within the networks using
community detection methods. This supports researchers to
track scientific article domain evolution as clusters from
academic publications. These visual representations of
detected communities built from keyword co-occurrence
networks provide an understanding of interconnection
among the deep learning research publication structures by
applying traditional community detection methods using
Louvain, SpinGlass, GMO, Infomap, SLPA, Leiden, CNM,
Walktrap and K-Clique [49-58].

2. Methodology

This article explores a significant approach to visualize
detected communities in word co-occurrence networks of
the Scopus Bibliographic Dataset through various
traditional community detection algorithms. The
methodology starts with collecting the bibliographic
information followed by preprocessing steps and graph
construction and network analysis measures before
visualizing communities along with different community
discovery methods comparison. The research objective
focuses on understanding keyword network structures by
identifying major communities. This work contributes to
the researchers to discover modern academic trends and
identify new research areas. The process flow for our
methodology is illustrated in Fig.1.

Methodology
~

) Data Datasets Pre-
Data Collection [—> Segmentation — processing

Graph
Construction

i

Network
Analysis

Community | | Data
Detection Visualization

Figure 1. Methodology for visualizing the Detected
Communities

The first phase in our methodology is the data extraction
process which is essential for real-time analysis. The data
extraction process retrieves essential bibliographic records
from the SBD but focuses specifically on deep learning-
related articles. The Data Segmentation process divides the
extracted data into three yearly segments which include
2006-2013, 2014-2016 and 2017 because Scopus only
allows 20,000 article retrievals. Data preprocessing
removes noise and extraneous information, by using
different techniques like cleaning, normalizing keywords,
and eliminating ambiguity to ensure network consistency.
The preprocessing technique enables the effective network
construction of keyword co-occurrence by creating an
adjacency matrix. Network analysis is essential for
visualizing detected communities to analysis the network
structure and relationships. Network analysis measures
include nodes, edges, weighted edge, type of graph, average
clustering coefficient, and edge density which are used for
analyzing the community structures with the network. This
network consists of nodes as keywords and weighted edges
as keyword co-occurrence frequencies. Each edge weight
represents the extent of the semantic connection between
two keywords.

Traditional community discovery techniques, such as
Louvain, SpinGlass, GMO, Infomap, SLPA, Leiden, CNM,
Walktrap, and K-Clique, are used in this study for detecting
and visualizing complicated networks. These techniques
detect strongly interconnected regions in graphs and
provide keyword clusters. The approach discovers
communities within the term co-occurrence network by
identifying nodes with greater connectivity. These
communities are then evaluated to reveal hidden patterns
and study fields, giving information about knowledge
structures and subject evolution. The primary objective is to
find communities by applying these standard approaches to
keyword co-occurrence networks built from scientific
collections of data via Python. This technique improves the
recognition of scientific areas by enabling the detection of
new trends and significant research.

2.1 Datasets Description and preprocessing

The rapid growth in the number of research publications in
recent times has prompted the creation of scholarly
databases that track publications and their citation records
[59,60]. The metadata fields present in these databases
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serve multiple functions including information search and
retrieval as well as research assessment [61]. Emerging
bibliographic databases transform the way of scholarly
article retrieval and analysis of bibliographic information.
Scopus serves as the main source for scholarly databases.
Scopus by Elsevier is one of the bibliographic indexing
repositories that contains articles from a predetermined set
of publications.

The data collecting technique is defined as an organized
framework for collecting and transmitting data frequently
by ensuring the correctness and maintaining consistency of
the data. The Scopus online interface export tools were used
to extract bibliographic source information. Each
frequently used deep learning-based article was identified
by using the option that Searches within “Article title,
Abstract, Keywords” from Scopus. The list of deep
learning-based articles was exported as a CSV file as
bibliographic data for a different set of years. The main
reason for doing the data Segmentation process is that
Scopus allows up to 20,000 records per query to be
exported. In the data segmentation process, segments of
these retrieved datasets are primarily separated into three
datasets namely SBD 1 as 2006-2013, SBD 2 as 2014-
2016 and SBD 3 as 2017.

Data preprocessing is essential for identifying and
correcting any inaccuracies present in the dataset. The
method for finding and visualizing the communities in
Scopus bibliographic keyword co-occurrence networks via
data processing is described in this article. The initial
dataset contains complete bibliographic information yet this
research focuses on extracting the indexed keyword field.
The cleaned keywords eliminate duplicate entries complete
records and redundant items from the dataset. The
standardized keywords result from converting text to
lowercase and removing punctuation while also removing
stop words. The process creates a co-occurrence adjacency
matrix that displays keyword relationships according to
their document appearances. Self-loops get removed from
the network structure because this step maintains
meaningful connections between keywords while
eliminating the formation of edges that link a keyword to
itself. There are numerous studies related to this has been
conducted [62-67].

2.2 Keyword Co-Occurrence Network

Keyword co-occurrence networks are used to identify the
most frequent keyword to investigate the interrelationship
connections of keywords among the scientific articles.
These networks are used for identifying emerging trends
and topics by tracking and analyzing the frequency of
certain keywords as co-occurrence patterns of keywords
over time. Keyword co-occurrence networks are denoted by
nodes for each keyword and links for each time a pair of
words occurs together. The number of times a pair of terms
appears in various articles determines the weight of the
connection connecting them. The nodes within the network
represent keywords from journal articles and the links
demonstrate co-occurring word relationships while link
thickness reflects weight values. A sample example of how

the Keyword Co-Occurrence Network works is shown in
Fig. 2.

Keyword Co-Occurrence Network
23 <.
A - C
< 1
Article 1
Keywords: A,B,C,D - -
Article 2
Keywords: C,D,E,F A <
E 1 F

Figure 2. Sample Example of Keyword Co-Occurrence
Network.

2.3 Graph Construction

Keyword co-occurrence graphs are constructed by
expressing keywords as nodes, their co-occurrences in
documents as edges and the frequencies of their co-
occurrences as weighted edges. Initially, keywords are
extracted from the dataset to calculate the co-occurrence
among them to construct the graph. In Figure 3, each
character term in the table is considered as a keyword which
shows how often a pair of keywords appears together. This
number becomes the weight of the connection, which shows
how closely the keywords co-occur with each other. This
table is turned into another table by using a keyword pair
with frequency if keywords appear together. The connection
between them is two-way, which shows how the points are
connected to the graph. Self-loops are avoided to maintain
meaningful connections. The constructed graph is typically
undirected, although directed graphs can be used if the order
of keyword occurrences is considered. The example
working procedure of graph construction for community
detection is exemplified in Fig. 3.

il

Figure 3. Sample Example of Visualizing the Community
Detection for Keyword Co-Occurrence Network

The graph is constructed using this approach by defining
keywords as nodes and representing their co-occurrences as
weighted edges. After converting into graphs, these
constructed graphs are separated into three networks
namely SBD 1 as 2006-2013, SBD 2 as 2014-2016 and
SBD 3 as 2017. These three graphs are constructed to
encompass a range of network sizes, including small,
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medium and large graphs to evaluate the effectiveness of
community detection using numerous traditional
algorithms across different network scales. Network
analysis metrics are necessary for graph building which
provides perspectives on the structural characteristics and
interconnections within keyword co-occurrence networks.
The separated visualization of constructed graphs for
network datasets SBD 1, SBD 2, and SBD_3 individually
are visualized as graphs as shown in Fig. 4 which contains
a) SBD 1 as 2006-2013, b) SBD 2 as 2014-2016 and c)
SBD 3 as2017.

a) b) c)

Figure 4. Graphical Representation of SBD Networks.

The main aim of this graph construction process involved
examining these three networks to detect community
structures. Network SBD 1 contained 599 nodes and 8085
edges with network analysis measures like average
clustering coefficient as 0.9119 and edge density as 0.0485
to form a less complex system. The Network SBD 2 was
constructed with medium complex network patterns
through its 3934 nodes which joined 65587 edges with an
average clustering coefficient of 0.8764 and edge Density
of 0.0085. The third Network SBD 3 demonstrated the
highest network scales of network interconnection through
its 8202 nodes which connected to 155975 edges with an
average clustering coefficient of 0.8614 and edge Density
of 0.0046. The various network sizes and connection
densities enable us to detect communities and analyze the
connections that exist in the dataset.

2.4 Community Detection

Community detection algorithms are essential tools for
understanding the structure of complex networks. The
communities are detected within the network as clusters
where nodes establish more connections within their group
than externally. Some common methods for finding
communities are SpinGlass, GMO, Walktrap, CNM,
Louvain, K-Clique, Infomap, SLPA, Leiden, etc. The
SpinGlass method uses physics ideas to find the best
community setup that uses the least energy in the network.
The GMO method tries to find the best community setup
that makes the network's modularity as high as possible.

The Walktrap method uses random paths to find
communities by noting which nodes are visited often. The
Clauset, Newman, and Moore (CNM) algorithm is a
community discovery approach that uses modularity to find
communities in broad networks. This implements a greedy
approach of merging vertices based on modularity obtained
which makes it suitable for sparse networks. The findings
of the Greedy Modularity Optimization method focus on

the changes and structural patterns of the detected
communities over three different time intervals. The
Louvain method is a dynamic method that finds the
community based on modularity of the network as high as
possible. The K-Clique method finds communities by
looking for groups of nodes that are all connected. The
Infomap method makes the path of a random walker in a
network as short as possible. SLPA method uses label
sharing to locate communities by repeatedly changing node
labels based on their neighbor labels. Leiden methods
perform better than Louvain since it is an advanced method.
This method finds communities that are strongly linked
inside and separate from each other.

3. Experimental Results and Discussions

Visualizing the identified communities using traditional
methods on term co-occurrence networks constructed from
the Scopus bibliographic dataset is the main objective of the
experimental results. Indexed terms from deep learning
publications are used to construct the networks. Community
detection is performed by using SpinGlass, GMO,
Walktrap, CNM, Louvain, K-Clique, Infomap, SLPA, and
Leiden methods. The performance results are compared and
evaluated based on the number of detected communities
which identifies the meaningful communities by
highlighting differences in community structures across the
numerous applied algorithms.

3.1 Evaluating the Performance of Detected Communities

Community detection consists of grouping nodes based on
their strong connectivity into different communities within
the network. The performance of detected communities
should be evaluated based on the number of communities
within the network. Network structural complexity and
detection methods provide insights for analyzing detected
communities. The number of identified communities serves
as a vital indicator to understand the network structure. A
low number of detected communities has the effect of
combining distinct sub-groups which results in information
loss. An excessive number of detected communities
indicates over-sensitivity because it finds irrelevant
distinctions between small variations in groups which
makes interpretation difficult. A large number of
communities demonstrates complex structures with
multiple distinct subgroups but fewer communities suggest
tightly linked clusters with unified characteristics. The
appropriate optimal and compact number of detected
communities represents natural divisions within the
network by identifying significant clusters without creating
excessive subdivisions. The network characteristics
together with the analysis goals determine how these factors
should be balanced. The evaluation of community
detection performance across SBD 1, SBD 2, and SBD 3
revealed significant variations in the number of
communities identified by different methods as shown in
Table 1.
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Table 1. Number of Detected Communities for SBD I,
SBD 2, SBD 3

Sno | Method SBD1 [SBD 2 |SBD 3
1 SpinGlass 14 25 24

2 GMO 12 43 75

3 Walktrap 17 146 263

4 CNM 10 51 74

5 Louvain 12 29 25

6 K-Clique 14 - -

7 Infomap 29 211 365

8 SLPA 22 49 21

9 Leiden 11 19 15

Traditional algorithms help establish a reference for
evaluating the performance of enhanced methods through
network community detection in keyword co-occurrence
networks because they show the differences in thematic
cluster identification. Our model incorporated nine
traditional community detection methods compared with
these networks. The selection of community detection
methods leads to significant differences in the detected
community results and node distribution patterns. The
number of communities discovered by various algorithms
during different time intervals of SBD 1, SBD 2 and
SBD_3 data are visualized in Fig. 5.

Detected Communities

Louvain  K-Clique Infomap  SLPA Leiden

100 I
50
o mEE -II - | T o -
SpinGlass GMO  Walktrap  CNM
1 2 3 4 5 6 7 B 9

WSDB_1 WSDB_2 WSDB_3

Figure 5. Comparison of Detected Communities for
SBD 1, SBD 2, SBD 3.

3.2 Visualizing the Detected Communities

Visual representations of detected communities in keyword
co-occurrence networks help researchers understand the
outcomes of community detection algorithms. It enables
researchers to observe both the network structure along its
community structure. Visual presentation of the
communities reveals their distribution as well as keyword
relationships throughout the thematic structure. The
visualization contributes the researchers to discovering
patterns where keywords frequently appear together to
indicate common research interests or emerging trends. The
interpretation of complicated keyword networks becomes
simpler through visualization because it helps researchers
detect dominant themes and new topics along with
important keywords throughout different communities. The
visual presentation of research findings becomes more
effective through keyword network organization which
enables researchers to present keyword clusters and their

research domain importance. The visual depiction helps
researchers complete multiple tasks including research
domain identification thematic module comprehension and
emerging keyword discovery in the keyword network. The
visualization of detected communities for each method
contains a legend that represents the number of detected
communities separated with different color representations.
If the legend in the figures is not mentioned or cropped
means the detected communities are not compact in the
network.

The SpinGlass algorithm identified 14 communities in
SBD 1, 25 in SBD_2 and 24 in SBD_3. The performance
analysis indicates that it is stable and efficient for medium
to large data sets which ensures consistent detection as the
network size changes. The picturing of the identified
communities is signified in Fig. 6 which contains a) SBD 1
as 2006-2013, b) SBD_2 as 2014-2016 and ¢) SBD 3 as
2017.

a) b) o

Figure 6. Visualization of Communities Detected by
SpinGlass Algorithm.

The GMO algorithm found 12 communities for SBD 1, 43
for SBD 2 and 75 for SBD_3. The method effectively
handles both moderate and large networks which
demonstrates adaptability. The identified communities are
represented graphically in Fig. 7 which contains a) SBD 1
as 2006-2013, b) SBD_2 as 2014-2016 and c) SBD 3 as
2017.

a) b) )

Figure 7. Visualization of Communities Detected by GMO
Algorithm.

Walktrap identified 17 communities in SBD 1; this
increased to 146 in SBD 2 and 263 in SBD 3. Performance
evaluation also shows that it has a good degree of flexibility
and is suitable for use with large data sets. The increase in
the number of detected communities further proves that
Walktrap is not effectively capable of identifying new
structures in large networks that were observed during the
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expansion of the 2017 dataset. The community structures
that were detected are depicted in the graphic shown in Fig.
8 which contains a) SBD 1 as 2006-2013, b) SBD 2 as
2014-2016 and ¢) SBD 3 as 2017.

Figure 8. Visualization of Communities Detected by
Walktrap Algorithm

CNM algorithm discovered ten communities for SBD 1, 51
for SBD 2 and 74 in SBD 3. Performance evaluation
indicated consistent detection in medium-sized networks,
although this could be challenging for large-scale networks.
This approach works best for small to medium-sized data
sets since it is like a hierarchical grouping. This gradual
community growth shows that this method effectively
identifies clusters of data and could have difficulties in
significantly strongly linked networks, as observed in 2017.
A graphical representation of the identified communities is
illustrated in Fig. 9 which contains a) SBD 1 as2006-2013,
b) SBD 2 as2014-2016 and ¢) SBD 3 as 2017.

a) b) | )

Figure 9. Visualization of Communities Detected by CNM
Algorithm.

Louvain algorithm discovered 12 communities for SBD 1,
29 SBD 2 and 25 SBD 3. Performance analysis
demonstrates that the technique is very adaptive to
moderate and big datasets. The algorithm is most
appropriate for networks of moderate size with dynamical
communities. The identified communities from the
networks using the Louvain algorithm are shown in Fig. 10
which contains a) SBD 1 as 2006-2013,b) SBD 2 as2014-
2016 and ¢) SBD 3 as 2017.

a) b) Y

Figure 10. Visualization of Communities Detected by
Louvain Algorithm.

K-Clique algorithm identified 14 communities for SBD 1.
Community detection using K-Clique for SBD 2 and
SBD 3 is not computationally possible due to insufficient
run time, so results are not mentioned in the table.
Performance evaluation of K-Cliques shows its usefulness
in identifying compact group-sized data, performing well
with less complex network topologies, but efficiency may
decrease with increasing complexity. The graphical layout
of community detection by K-Clique for SBD 1 alone is
illustrated in Fig. 11.

il

Figure 11. Visualization of Communities Detected by K-
Clique for SBD 1.

Infomap detected 29 communities for SBD 1, increased to
211 in SBD_2 and 365 by SBD_3. Infomap struggles with
large datasets that make it less suitable for collecting
important community patterns in complex networks. This
method became insufficient and not an optimized method
for the massive identification of communities. The detected
communities are illustrated graphically in Fig. 12 which
contains a) SBD 1 as 2006-2013, b) SBD_2 as 2014-2016
and ¢) SBD 3 as 2017.

a) b) | )

Figure 12. Visualization of Communities Detected by
Infomap Method.

SLPA algorithm identified 22 communities for SBD 1, 49
for SBD 2 and 21 for SBD 3. Performance evaluation
shows how it is scalable to different networks and might
have difficulty in capturing all the communities in large data
sets. The ability of this algorithm to detect communities in
various network sizes demonstrates its utility in structures
of wvarying densities. The graphical presentation of
identified communities is shown in Fig. 13 which contains
a) SBD 1 as 2006-2013, b) SBD 2 as 2014-2016 and c)
SBD 3 as2017.
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Figure 13. Visualization of Communities Detected by SLPA
Algorithm.

Leiden algorithm detected 11 communities in SBD 1, 19 in
SBD 2 and 15 in SBD 3. Evaluations prove its efficiency
in preserving the consistency of the community structure
across different sizes of the dataset which makes it optimal
for any-sized networks. This is a consistent community
detection method suitable for numerous dataset sizes. The
outcome of community detection by the Leiden algorithm
is illustrated in Fig. 14 which contains a) SBD 1 as 2006-
2013,b) SBD 2 as2014-2016 and ¢) SBD 3 as 2017 in the
form of a graphical layout.

Figure 14. Visualization of Communities Detected by
Leiden Algorithm.

3.3 Discussion

The detection of fewer compact communities leads
algorithms to identify generalized network structures
effectively. Leiden and Louvain produce the most effective
results. Leiden detects 11 communities within the small
dataset which form bigger and denser subdivisions.
Louvain divides the same dataset into 12 communities
which preserves both structural clarity and generalized
results. Leiden groups the medium dataset into 19 large
communities yet Louvain detects 29 communities that
present a more refined community structure. Within the
complex dataset, Leiden provides efficient detection of 15
communities while Louvain finds 25 communities that
balance between general and detailed structural
representation.

The Leiden algorithm detects densely connected and well-
separated communities throughout all datasets. The SBD 1
scenario demonstrates that Leiden identifies strong
cohesive communities. The Leiden algorithm detects
balanced community structures in SBD 2. Leiden stands
out as the optimal algorithm for large networks because it
detects well-defined substantial communities in SBD 3.
From the observation, the Leiden algorithm detects distinct

community clusters that maintain the complete network
structure. Louvain achieves successful detection of
moderately cohesive communities throughout its analysis
of all datasets. Louvain detects specific meaningful
community structures within SBD 1 SBD 2 SBD 3 which
establishes a proper balance between generalization and
structural clarity. SpinGlass works efficiently to detect
evenly distributed community structures which makes it
appropriate for networks with uniform connection patterns.
The detection of distinct communities by Leiden makes it
an appropriate method for high-level analysis of larger
community structures. Louvain maintains a balance
between broad community detection and detailed network
structure analysis which makes it efficient in complex
network systems. SpinGlass provides precise community
detection by identifying balanced structures between
communities thus demonstrating its strength in detecting
community structures. The Leiden method proves to be the
optimal solution for identifying cohesive communities
across different data ranges. The community detection
capabilities of Louvain and SpinGlass prove to be highly
efficient which makes them important tools for studying
complex networks.

4. Conclusion

Traditional community detection algorithms prove their
effectiveness for visualizing networks of keyword co-
occurrence in this work. Analysis of keyword
interconnections in the SBD during three separate periods
enables researchers to identify important research topic
structural patterns. The Leiden algorithm excels at
identifying cohesive well-defined communities which
makes it ideal for high-level analysis through its ability to
detect and be suitable for diverse network sizes. Louvain
operates as a method that successfully combines the ability
to generalize patterns while preserving detailed network
structure qualities and is suitable for various network scales
to study complex systems effectively. SpinGlass
demonstrates its ability to identify balanced community
structures.

This work achieves better identification of optimal
communities by using network general structures. The
comparative evaluation based on detected communities
reveals that Leiden and Louvain represent the best
community detection methods which are suitable for
different network sizes. SpinGlass is best at analyzing
structured networks with uniform connection distribution.
This work presents an organized method to visualize
keyword communities which enhance the ability to track
research developments and topic changes. This work adds
value to keyword co-occurrence research through its
effective visual framework for community detection which
helps researchers find connections between keywords and
spot new research fields. The proposed framework
facilitates a deeper understanding of academic research
patterns, guiding scholars in keyword selection for
literature exploration and research development.

4. Future Work and Scope
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The scope of future work is to evaluate the community
detection methods by using measures like modularity,
conductance, internal density, and partition density which
will improve the performance of the model. Exploring new
measures for evaluating the community detection methods
will enhance the community cohesiveness and network
partition which offer an expanded perspective of
community structures. Comparative investigations using
numerous datasets and methods would provide further
insight into the network structures. Furthermore,
developing an adaptive framework using various network
analysis measures and properties takes into consideration
for evaluating community detection models.
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