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ABSTRACT

Identifying the research communities from the large-scale bibliometric data is essential for understanding and
interpreting the trends among recent research topics. This article presents a novel framework for identifying
communities from the Scopus bibliometric data by constructing a keyword co-occurrence network. The deep
learning based scientific articles extracted from the Scopus bibliographic database were selected for this
work. These collected data are segmented into five different time frames named as Scopus Bibliographic
Dataset (SBD), SBD_1 (2006-2013), SBD 2 (2014-2016), SBD 3 (2017), SBD 4 (2018) and SBD 5
(2019). This work is developed as a hybrid framework by integrating the traditional Louvain algorithm with
various Graph Neural Network (GNN) models, which helps to improve the performance through the
extraction of the best textual information features from the keywords by applying the SciBERT model as
node features. GNN techniques like GCN, GraphSAGE, FeaStConv, APPNP, WLConvContinuous and
AGNN were implemented to compare among the models to find the best model for developing this novel
framework. These integrated frameworks are named as SciBLoGCN, SciBLoGS, SciBLoFSC, SciBLoWLC,
SciBLoAPPNP, and SciBLoAGNN. The experimental findings determine the presence of meaningful and
effective research communities based on the structure and interconnection between the nodes within the
network. This work supports scholars to understand the interconnection among their domains based on recent
research topics, which enables strategic prioritization of their research areas.

Keywords: Community Detection, Scopus Bibliometric Data, Keyword co-occurrence Networks, SciBERT,
Complex Network.

1. INTRODUCTION the communities from the network [19-23]. To
effectively capture the complex relationships and
Communities are referred to as groups of nodes  structural patterns within the network, Graph Neural
that share common properties between the nodes [1-  Networks methods are utilized [24-27].
5]. Community detection is one of the significant Graph Neural Networks are neural networks that
tasks in network analysis that detects the meaningful  can be applied to a graph data structure. GNNs are
groups of interconnected nodes that are linked to  applied in the prediction of nodes, edges, and graph-
each other within the network structure [6—12]. based tasks [28,29]. One of the most important and
Community detection has extensive and broad prominent types of Graph Neural Network tasks is
applications in many areas such as social network  community detection, an approach that models and
analysis, information theory, biological networks, reflects the inherent structural patterns and
recommendation systems and fraud detection [13—  relationship structures of complex networks [30,31].
18]. There are different traditional algorithms, Graph Neural Network methods are integrated to
including Louvain, modularity maximization, enhance the community detection for complex
infomap, label propagation, spinglass, leiden, and networks [32]. This method also offers useful
spectral clustering, that are applied for identifying information on the structure, functionality and
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dynamics of interconnected systems by revealing the
underlying community structure of complex
networks. This allows the researchers to gain a more
insightful understanding of network properties and
apply them to diverse networks for analytical and
predictive purposes. Some of the most popular GNN
methods are Graph Convolutional Networks (GCN),
Message Passing Neural Networks (MPNN), Graph
Attention Networks (GAT), Graph Auto-Encoder
Networks and GraphSage [33-35].

Community detection in a Scopus-driven keyword
co-occurrence network is one of the more
challenging processes for understanding
bibliometric network data analysis [36,37]. These
are used to map the intellectual structure of a
research field by identifying its main thematic
clusters [38]. Significant gaps remained in the field
of community detection using keyword co-
occurrence networks in bibliometric research [39].
There are research gaps in the application of the
Louvain and GNN model to real-time large networks
of co-occurring keywords [40-42]. SciBERT as a
node feature extractor in bibliometric networks is
understudied [43,44]. There are fewer studies on
how to make these algorithms precise and scalable to
large datasets [45—47]. The idea of integrating GNN’s
with transformer models in bibliometric tasks for
detecting communities in Python has not been
explored in detail [48—50]. There are limited works
addressing the co-integration of new GNN models
with traditional community detection algorithms on
bibliometric data with evaluation metrics [51-53].
These gaps indicate that a new framework is
necessary to identify communities based on the
Scopus bibliometric data, with Louvain and GNN
models having nodes in the form of SciBERT-based
node features [54].

The main goal of this work is to identify the
communities based on Scopus bibliometric data via
keyword co-occurrence networks using the Louvain
algorithm and Graph Neural Network (GNN) models
with SciBERT node features as a novel framework.
The keyword co-occurrence network is constructed
by using the Index keywords field obtained from
Scopus, which are represented as nodes in a network
and if two keywords appear together in the articles
form an edge. and the degree of this relationship is
the edge weight [55]. An increasing edge weight
indicates a stronger conceptual relationship between
the keywords. The Louvain algorithm is one of the
efficient algorithms for operating large networks that
can be applied within this network to determine the
community structures [56,57]. This divides the
network into communities based on the strong
interconnection between keywords, which means
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that keywords in one group are much more likely to
co-occur than the keywords in other groups. The
resulting clusters represent each a different research
theme or sub-field, which is informative of the
structure of the research domain. In order to better
detect the community, GNN models are applied,
with node features obtained with the help of
SciBERT, a model designed with the specific goal of
detecting science-related text. Combining the textual
information with the network structure allows
developing more profound insight into the semantic
connections between keywords, which will create
more accurate and meaning-based detection of
communities. This framework provides a new
direction for comprehending research trends and
patterns of collaboration in the field of computer
science. Such an approach integrates the reliability
of the traditional network analysis methods with the
sophisticated natural language processing and deep
learning algorithms. The method identifies the
connections among the research topics and research
areas through the construction of a keyword co-
occurrence network based on Scopus data.

The key contribution of this proposed framework
is the integrated graph models to detect communities
of research based on keywords and promotes the
knowledge of scientific areas progressing. Scholars
get a Dbetter understanding of the interrelations
among disciplines. Bringing semantic models such
as SciBERT to GNNs enhances the process of
studying the relationships across disciplines,
allowing interdisciplinary collaboration and setting
strategic priorities regarding the areas of research.
Scalability with large datasets will be guaranteed
because optimized algorithms can monitor global
research trends in good time and allow knowledge
transfer to be effective, supporting the education,
research and innovation network.

1.1 Organization of Manuscript

The manuscript is organized to provide a
structured overview of this work, which gives a
systematic description of the research study, with an
introduction that gives the research background and
research purpose. The work section reviews the
existing studies and identifies research gaps. The
methodology part describes the approach used in the
community detection based on keywords and the use
of graph neural networks. This section outlines the
process of collecting the data, preprocessing,
building the network of keyword co-occurrence, the
SciBERT model, and several graph neural network
methods such as GCN, GraphSAGE, FeaStConv,
APPN, WLConvContinuous, and AGNN, and
finally the hybrid framework of community
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detection. The experimental results section will
show the results of the suggested method and
evaluate its effectiveness. The section contains the
performance of the communities detected, the
discussion of hyperparameters, performance metrics
(precision, recall, Fl-score, and accuracy) and
analytical information. The conclusion summarizes
the major findings and contributions of the research.

2. RELATED WORK

The study of current literature brings out the
advancement and evolution of tools used in
community detection. The concept of community
detection represents a significant issue in network
science and Scientometrics. The node features,
improved graph learning models, and higher-order
network structures have become more popular
among researchers. Numerous studies are relevant to
this area, and multiple gaps exist, which encourage
the present study. Closely related work has
investigated both the deep learning and traditional
approaches to community detection. These studies
offer a starting point, but issues of accuracy and
scalability remain.

Liu et al. (2024) [1] used Louvain community
detection and Graph Neural Networks (GNNs)
together to enhance the prediction of links in
scientific literature networks. Their results revealed
that the integration of Louvain communities with
GNNs steadily enhanced the predictive performance
of AUC in the GAT model to 0.823. But this has its
limits since the algorithm is also likely to combine
smaller communities into bigger ones, thus possibly
missing finer, but equally important, communities.

Chandrasekharan et al. (2022) [58] suggested an
algorithm (Markov Clustering + Leiden clustering)
of citation graphs to identify clusters of articles and
corresponding communities of authors and showed
that convergent clustering might identify
communities of practice in immunology and beyond.
Although effective, their approach was very
dependent on citation links and expert appraisal of
small clusters, which limits semantic depth and the
scale of large bibliometric data.

Ahmed and Alzubaidi (2022) [59] suggested a
Community  Detection  Graph  Autoencoder
(CDGAE), which integrates the node features and
the network topology, which does not require the use
of classical clustering. Their findings showed that
Louvain was more efficient than K-means and
Gaussian Mixture Models, especially in featureless
data with the use of artificial features. This weakness
is the strength of artificially created node features
and dealing with dynamic networks. The present
work exploits it by utilizing the power of SCIBERT
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embeddings, which offer strong semantic node
characteristics without producing artificial features,
which makes the identified communities of
keywords more reliable.

Garrido-Cardenas et al. (2020) [60] examined
Scopus (85,370 articles on malaria) and found
primary scientific communities: one dedicated to the
topic of vector transmission and the other to drug
resistance, which revealed such important themes as
mosquito control, the development of vaccines, and
studies of parasites. The collaboration patterns
identified by the use of ResNetBot, OpenRefine, and
genetic algorithms were confined by the reliance on
the Scopus data and the specific limitations of the
method they used to identify the community.

Zhang, Levina, and Zhu (2015) [61] proposed a
combined community detection criterion by
combining network edges and node features. Their
approach learnt the power of various features within
each community with the needed flexibility and
worked on simulated and real networks. This had
issues with high dimensionality or heterogeneity of
features due to the generalizability.

Wang et al. (2023) [62] introduced a Self-
supervised community detection algorithm based on
node feature convolution, shortly named as SGCN-
NFC. This self-supervised community detection
algorithm achieves better node feature learning by
models through a feature convolution layer, which
minimizes the use of earlier labels. Their results
indicated that they performed better than current
GCN-based approaches.

Yuan, Zeng, and Wang (2022) [63] have
suggested a community detection algorithm on the
basis of node relationship classification. Their
findings showed better performance in comparison
with representative algorithms on synthetic and real-
world networks. Its weakness is that it cannot be
generalized to rich-semantic-featured attributed
networks. The current work provides this through the
creation of networks of keyword co-occurrence
complemented with SciBERT embeddings, which
guarantees semantic representation of academic
knowledge and the elimination of the drawbacks of
purely relational modelling.

A study by Fiallos et al. (2017) [51] assessed
4,552 scientific articles in Scopus (29 research areas
in Ecuador) through a Social Network Analysis
(SNA)and Natural Language Processing to identify
collaboration communities and the most popular
topics to guide government policies on resource
allocation and research prioritization. They were
effective, but could be limited in scalability and more
precise semantic representation due to their regional
data and the traditional method of SNA.
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Guangliang et al. (2022) [64] developed a
triangle-based approach that adds closed feature
triangles and two-level constraints to identify
balanced communities and minimize the free-rider
phenomenon. They demonstrated that both
overlapping and non-overlapping community
detection were improved. But the given framework
addresses the issue that very large datasets were not
completely scalable.

Noor et al. (2025) [46] came up with an approach
of academic community detection that involves
content using BERTopic and fine-tuning a SciBERT
model to generate topic-based research networks and
proposed a cloning strategy that can be used to
overcome the publication imbalance, where each
cluster of a researcher's work can serve as a node and
consequently enables exposing more collaboration
prospects. Although this technique successfully
addresses the dominance of prolific authors, it is
limited by its use of author-level contents of
publication data, making it less applicable to
extensive bibliometric networks of keywords.

By observing all the important related works on
the whole, a combination of these studies proves that
community detection can be improved with the help
of node features and effective learning models. But
these current literatures are limited in their
scalability, semantic representation and applicability
to complex bibliometric data. There were studies
investigating GNN-based bibliometric analysis and
studies using BERT-based models to analyse
scientific text. Extremely limited literature merged
modularity-based pseudo labels with domain-
specific language models to detect keyword
communities. There is limited existing literature that
compares across various GNN architectures and
time-segmented Scopus datasets. This paper fills this
gap by providing an excellently integrated model
that brings together community structure learning
and semantic feature representation. From the
observation, this study provides a novel approach for
community detection. The past research was
primarily involved in the identification of research
communities based on conventional algorithms like
Louvain, Leiden and Infomap on citation networks.
A number of works made use of the simple text
measures, such as TF IDF, Word2Vec and topic
models to aid the clustering. Recent works used
Graph Neural Networks, although they were based
primarily on network structure or generic
embeddings and shallow semantic information.
Numerous studies involving GNN were only tested
on benchmark datasets like Cora, CiteSeer and
PubMed with minimal utilization of real-world
bibliometric data. This shows that there is a lack of
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application of integrated deep learning frameworks
to large-scale real-time data. The proposed work fills
this gap by demonstrating a complete community
detection framework on Scopus bibliographic data
based on the integration of SciBERT, Louvain and
numerous GNN models.

The primary focus behind this work is to go
beyond structure-based community detection and
extract the semantic meaning of scientific keywords.
Most of the current methods primarily cluster
keywords by co-occurrence frequency strength
without knowing the semantic context of these
research keywords. This model is inspired to
integrate semantic representation with the network
structure in order to derive meaningful communities
of research. The results indicate that when the
semantic keyword representations are combined
with the graph learning enhance the clarity and
consistency of the detected communities during the
various time periods. The present study contributes
to the research area by using the Louvain algorithm
with numerous GNN models enhanced by SciBERT
embeddings, which gives a scalable, semantically
rich and highly accurate framework to identify
keyword communities using Scopus bibliometric
information. This makes the current work an
important advancement over the earlier research.

The research questions are clear and direct the
study. The first research question explores the
hypothesis of whether the semantic representations
of scientific keywords enhance community detection
in keyword co-occurrence networks based on Scopus
bibliographic data. The second research question
examines the effect of various Graph Neural
Network (GNN) architectures on the stability and
quality of discovered keyword communities with
modularity-based initial partitions. This research
hypothesis will be: The incorporation of domain-
specific semantic keyword representations in
combination with graph structural information will
result in more structurally consistent and coherent
research communities as opposed to the topology-
driven community detection methods.

Community identification in scholarly networks
assists in exposing patterns in themes and emergent
tendencies in the presence of keywords in
bibliometric data. Most of the currently available
approaches are limited to addressing large data sets,
modelling complex relationships and semantic
information modelling. Scientific key on networks
needs methods that combine meaningful features
into the nodes with powerful community detectors.
This work aims at determining the coherent keyword
communities based on Scopus data with the help of
SciBERT embeddings as the semantic representation
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and integrating them with the GNN models and the
Louvain algorithm. The study looks at whether such
integration positively affects the accuracy and clarity
of communities detected. The main issues are related
to the high-dimensional features that should be
managed efficiently and the quality of community
structures that should be ensured. The methodology
builds a network of keyword co-occurrences, uses
SciBERT to create node features, and uses GNN
models with Louvain to do community detection.
Findings show the identification of accurate and
interpretable keyboard communities, which offer a
scalable and successful model that enhances the
knowledge structure discourse in the scientific
literature.

The proposed analysis is based on the up-to-date
state of the art literature integration with bibliometric
data for community detection using graph neural
networks and scientific language models. The recent
research has shown how the modularity-based
Louvain approaches are effective as a strong baseline
to initialize community in large-scale networks.
Recent developments in Graph Neural Networks like
GCN, GraphSAGE, FeaStConv, APPNP, AGNN
and WLConvContinuous have demonstrated better
representation learning of complex graph structures.
Parallel domain-specific transformer models like
SciBERT have shown to be effective at extracting
semantic meaning in scientific text. The work is
based on these known results, combining
modularity-based community detection semantic
keyword representations with a variety of GNN
architectures into a single framework that is run on
large-scale Scopus bibliographic data.

3. METHODOLOGY

This work includes several significant steps
involved in developing this framework. This
methodology section contains only the outline
process of the framework, and detailed explanations
are expanded in the subsections. The first step is to
obtain bibliometric information of deep learning
based scientific academic publications from the
Scopus database. This information is pre-processed
and then converted to a keyword co-occurrence
network where each node corresponds to a single
keyword and an edge corresponds to their co-
occurrence in publications. This network is applied
through the Louvain algorithm to find and
distinguish separate communities with related
keywords. Community structures of the keyword co-
occurrence network are then identified through the
Louvain algorithm, which maximizes modularity to
identify dense subgraphs where nodes tend to be
more interconnected. At the same time, a pre-trained
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language model, namely SciBERT, which was
specifically trained with scientific text, is used to
produce vector representations for the node features
extraction of each keyword from the KCN. The main
purpose of using SciBERT is to extract the semantic
context of the keywords as features in the scientific
data. The knowledge of the community detection is
then incorporated into the Graph Neural Network
(GNN) model to improve the community
assessment. GNN models use both network structure
and the node features generated by SciBERT to
analyze the community detection process further and

refine it. This study employs wvarious GNN
approaches, including GCN,  GraphSAGE,
FeaStConv, APPNP, WLConvContinuous, and

AGNN. The GNN model uses the features generated
by SciBERT as the input to improve the
representation of each node with semantic richness.
These hybrid frameworks are named SciBLoGCN,
SciBLoGS, SciBLoFSC, SciBLOoWLC,
SciBLoAPPNP, and SciBLoAGNN. The GNN
model is learned using the community-structured
data, where the model learns meaningful graph
representations and enhances the detection. The
framework utilizes the advantages of both traditional
community detection algorithms for pseudo-
labelling and SciBERT for these features to enhance
the working of the GNN model to detect the
communities from the Scopus keyword co-
occurrence network effectively. The performance of
the GNN-based model is also measured in terms of
accuracy, precision, recall and accuracy scores. The
dataset is separated into a training 80% and a test 20
% sets at the node level, where the model is trained
on the first set and tested on the second set. Training
and testing with Louvain-derived pseudo-labels and
SciBERT features allowed the GCN to be tested on
unknown data, such that its performance represented
true generalisation and enhanced community
detection and not reproduction of the original split.
The performance of community detection is
evaluated by NMI and ARI scores.

The detailed GNN community detection
framework based on the Scopus keyword co-
occurrence network and driven by SciBERT is
presented in Figure 1. In summary, the figure below
shows that this research is based on a systematic
research design to be used in detecting large-scale
bibliometric communities. Scopus bibliographic
databases are gathered and pre-treated to extract
high-quality indexed keywords. The keyword co-
occurrence network is built, in which nodes signify
keywords and the edge signifies their simultaneous
occurrence in the scientific papers. A modularity-
based Louvain technique is used to identify the first
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level of community structures to identify the dense
groups of keywords. A domain-specific scientific
language model is used to create semantic
representations of keywords. These representations
are combined with several Graph Neural Networks

to improve and analyze community structures.
Ensuring consistency is provided by the systematic
way, with fixed data segmentation, training and
testing strategies, and standard evaluation metrics.

Methodology
\_—/
. Datasets Graph.
=—>| Data Collection =—> Data Segment  =—> . — Construction
Pre-processing (KCN)
v
|
. X \ 4
Louvain
SCiBERT — CB:::;E‘;LW — GNN 5 EN ng"lfl';’g:;e —>|  Visualization
Algorithm

Figure 1: SciBERT-driven GNN Community Detection Framework

3.1. Datasets Description and Data Collection

Scopus bibliometric data is a large-scale
scientific bibliographic database that is popular in
complex community detection, network analysis,
and keyword co-occurrence network (KCN)
construction. Though a range of academic
bibliographic databases exist (including Web of
Science, PubMed and Google Scholar), Scopus is
selected due to its overall coverage of subjects, wide
metadata and reliable indexing of the keywords that
facilitate the formation of better complex co-
occurrence networks. Experiments on models are
commonly evaluated on benchmark network
datasets, such as Cora, CiteSeer, and DBLP, which
are restricted in their scope and pre-structured based
on citation data. But Scopus offers real-time and
domain-specific information with deep associations
of keywords, which makes it more appropriate for
creating practical and scalable KCNs that are more
likely to reflect the current trends in research and
help to identify communities and discover
knowledge more accurately.

The Deep Learning (DL) based scientific
articles retrieved in the Scopus bibliographic
database were chosen for this work. The main reason
for choosing DL data from 2006 onwards for this
research is to identify the importance, role of deep
learning, its futuristic trend direction and how it has
evolved within the computer science field. Scopus
stores very rich scientific publication metadata, such
as authors, titles, abstracts, countries, journals,
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institutions, citations, author keywords, etc., but in
this work, the indexed keywords field is used to build
keyword co-occurrence networks. The field of
indexed keywords in Scopus is significant in that it
captures the main ideas of each publication, which
permits determining the topic accurately, identifying
trends, and detecting communities within research
networks. The first step is to extract data in Scopus
through a specific search query (e.g., TITLE-ABS-
KEY (Deep Learning)). The retrieved documents
contain all types of open-access English scientific
articles from the computer science field, with all
attributes of metadata only. These gathered data are
divided into five various periods called Scopus
Bibliographic Dataset (SBD), SBD 1 (2006-2013),
SBD 2 (2014-2016), SBD 3 (2017), SBD 4 (2018)
and SBD 5 (2019). The data from 2020 to 2023 were
reserved for future work. These five datasets are
segmented in such a way that they should cover the
varying sizes, including small, medium and large, of
data that have been used to facilitate thorough
analysis and scalability of models. The dataset wise
DL based scientific articles count from Scopus are
statistically visualized in Figure 2. These data, based
on these time frames, were extracted in CSV file
format and the sample extracted in CSV file is shown
in the figure 3.
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Figure 2: Article Count across Datasets
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Figure 3: Extracted Dataset Sample of SBD 1

3.2 Data Pre-processing

Data preprocessing and cleaning are the most
important steps after the extraction. Individual data
pre-processing in Scopus bibliometric data within
the Index Keyword field consists of a number of very
important steps. The raw data on keywords is then
retrieved from the extracted CSV file of the Scopus
database. The collected raw dataset proceeds with an
extensive preprocessing technique to guarantee both
consistency and quality of the keywords. These raw
keyword data tend to have inconsistencies and thus
may skew the outcome. The detailed step-by-step
process of data pre-processing methods is detailly
illustrated in Figure 4.

Data Preprocessing

[Data Cleaning

Data Transformation

[Keyword Extraction & Preservation

[Data Validation

Iterative Keyword Cleaning

Figure 4: Data Preprocessing Methods
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Data Cleaning is the first step that eliminates
redundant records to ensure unique records,
increasing model efficiency and reliability. Data
Transformation lemmatizes keywords, de-duplicates
keywords and homogeneous entries, and
standardizes text representation. Lemmatization is
used to abbreviate words to a root form to increase
uniformity. This includes standardization, in which
single and plural forms or spelling variants (e.g., the
forms of optimization and optimization) are
consolidated and normalization, which is the use of
acronyms with their expanded forms (e.g., the
acronym Al means Artificial Intelligence, and the
acronym ANN means Artificial Neural Network).
By consolidating semantically unrelated terms, like
“Approximate inference”, “Approximate
inferences”, and “Auto encoders”, “Auto-encoders”,
“Autoencoders” are handled as a single record,
guaranteeing the optimized network for demand
domain knowledge.

Keyword Extraction & Preservation includes
co-occurrence filtering to keep an important pair of
keywords, semi-colons dividing the keywords and
the multi-word phrases retained, like “Deep
Learning” and “Artificial Intelligence” from DL, Al,
Etc. The keywords are then standardized, that is,
reduced to lower case and any special characters or
punctuation removed, to ensure the data validation
process. Same keywords are then detected and
combined to cut off redundancy. More precise
techniques such as iterative cleaning of the keys,
fuzzy matching by Levenshtein Distance, semantic
grouping by Context Boosts and standardization
with external ontologies further refine the topics and
analysis the results. Frequency analysis can also be
conducted in order to determine the most frequently
used keywords and possible outliers. Noise words
are eliminated to enhance the quality of the data.
Lastly, the processed and cleaned keywords are then
grouped in a structured form (e.g. list or matrix) to

be analyzed or visualized subsequently in
bibliometric research.

3.3. Keyword  Co-Occurrence  Network
Construction

The pre-processed keywords are now used to
construct the keyword co-occurrence network.
Constructing the keywords Co-occurrence Networks
is very effective for numerous fields, including
bibliometric analysis, content analysis, knowledge
mapping and especially for keyword analysis to
understand how concepts are organized, and how
research topics develop over time. These networks
may be extended with the help of different
visualization tools and statistical methods in order to
reveal recent patterns and relationships between
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complex data. These networks visually show the
relationships of keywords that are commonly used in
academic works. The keyword co-occurrence
networks could be studied with the help of network
analysis methods, including centrality metrics and

powerful ideas, groups of similar research topics and
gaps in the literature, which prove the future
directions of research. The detailed diagrammatic
representation of how the co-occurrence matrix is
derived from the data is illustrated as the sample Co-

community detection algorithms, to identify occurrence Matrix Construction Process in Figure 5.
Collect documents Kepords s Q Keywords list
vith initial keywords o x w we w8 %
I VRN O ¢ B C B G T 7 H 5 : 5 5 @
o RKK K6 K TR 0 1 0 1 1 1
RIS ¢ B (O (I oM 1 0 1 1 0 1 1
oA KR KKK 2 o 1 0 1 1 0 1 ,
= A5 KL K2 K3 K6 LoAs 1 1 1 0 0 1 0 Co-occurrence matrix:
S 57 [[6221131]
/// 2011221
[2101132]
Keyword Frequencies & ® Keywords-"“ 3_L_>[1 11611 2]
‘ [1211022]
Tond F‘Equ]ﬁ[y . K1 K2 K3 K4 kS K6 KT [323120 2]
T ‘-; [1122220]]
Keyword pair Frequency y

=
=
-
o
Keywords_list v

f
f
f
f
f
f
f

Figure 5: Sample Co-occurrence Matrix Construction Process

For building the KCN, the process is initiated
by the construction of a co-occurrence matrix. The
First step is to collect the list of keywords and
arrange them in an article-wise keyword form. Then
convert them into a binary form to represent whether
the if keywords are present in that article or not. A
co-occurrence matrix was constructed by counting
pairs of keywords that appeared between the articles.
Each column and each row in this symmetrical
matrix correspond to one of the unique, pre-
processed keywords that have been obtained from
the whole dataset. The value aj signifies the
frequency of co-occurrence of both keywords i and j
in a document. When performing network analysis,
the diagonal elements where the number of
documents containing a single keyword is counted
are typically ignored. The emphasis is placed on the
off-diagonal  elements, which capture the
associations among various keyword pairs. This is a
quantitative framework for effective keyword
retrieval for constructing the KCN network. The
matrix is then converted to a network graph
structure. Every distinct keyword is represented in a
node of the network. An undirected edge is then
made between two nodes when the co-occurrence
number in the matrix corresponding to each is more
than zero. The intensity of the relationship between
two edges is represented by an edge weight, which
is literally allocated the value in the overall co-
occurrence frequency of the keywords. The key
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components for building an effective keyword co-
occurrence network are highlighted in Figure 6.

Key Components for Building a KCN

e\

Figure 6: Key Components for Building a Keyword Co-
Occurrence Network

In summary, the experiment builds a keyword
co-occurrence network with keywords as nodes, co-
occurrence of the keywords between the documents
as the edges and the frequency of co-occurrence as
edge weight. Finally, a last procedure is to apply
thresholds to make the network meaningful and
computationally feasible. There is a minimum
frequency threshold on the nodes to eliminate node-
specific or infrequent terms and a minimum co-
occurrence threshold on the edges to remove weak
and possibly non-significant edges and showcase the
strongest and most central thematic relationships in
the research area. The overall transformation from a
sample co-occurrence matrix to effective sample
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KCN construction with a minimum frequency
threshold for sample data is visualized in Figure 7.
The construction of the co-occurrence network of
the key words was extended to each of the
segmented data sets, i.e. SBD 1, SBD 2, SBD 3,
SBD 4 4 and SBD_5. This included forming a
sample co-occurrence matrix, determining the most
important elements to form a network, and
converting the matrix into the final keyword co-
occurrence network. The methodology guaranteed a
regular and systematic representation of the keyword

interaction in all periods of time and allowed for a
clear analysis of the trends of research and to
compose discrete communities of each dataset. After
these steps, a KCN graph was created for each
dataset, which captures the relationship between the
keywords. The comparison of actual and optimized
nodes a) & edges b) is recognized statistically in
Figure 8. After the optimization of nodes and edges,
the visualization of each optimized KCN for SBD 1
to SBD 5 is pictured by highlighting their nodes and
edges count within the graph, as figure 9 - a) to e).

Co-occurrence Matrix

@ Thresholded Matrix (= 2)

Keyword Co-occurrence Network

O P
B
Lo

w
o

Figure 7: Transformation from Sample Co-occurrence Matrix to KCN Construction

Node Comparison

©~Actual Node ~=@=Optimized Node

30000
26105

25000

20000
15760,

15000

Node

10000

5000

0

591

101 @

SBD_1

3823

SBD_2

.ajg i

8052
o
2255
L

SBD_3
Dataset

4946

SBD_4

8992

SBD_S

Edges Comparison

@O Actual Edges  evOptimized Edges

800000

674611
700000
600000
500000

400000

Edges

300000
200000

100000

0 299 ==
SBD_I SBD_3
Dataset

SBD_4 SBD_S

b)

Figure 8: Node and Edge Comparison

b) SBD 2

78




Journal of Theoretical and Applied Information Technology
31 March 2026. Vol.104. No.6

d

R

© Little Lion Scientific

Jl‘\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

d) SBD 4

e) SBD 5

Figure 9: Graph Construction using SBD KCN

3.4. SciBERT

SciBERT is a pre-trained language model, which
is specialized in scientific text and it can be exploited
as an influential tool for generating node features in
the community detection tasks from the scientific
networks. Through encoding of scientific
documents, keywords or abstracts using SciBERT,
researchers can get high-dimensional
representations of the vectors that represent the
semantic content and context of individual nodes.
These features derived by SciBERT can be fed into
many different community detection algorithms,
including spectral clustering or modularity
optimization. The domain-specific embeddings
afforded by the SciBERT allow the identification of
communities due to the semantic closeness of
scientific text that may be able to uncover clusters of
related research problems, methodologies or cross-
disciplinary interactions. This can be especially
successful in large-scale scientific networks, where
the relationships between nodes might be subtle
enough not to be well represented by traditional
structural features. Using node features added by
SciBERT, community detection algorithms are able
to identify more discernible and understandable
scientific communities that aid in exploring research
landscapes and possible collaborations.

The SciBERT language model converts
scientific keywords in each document into numerical
representations by capturing their meaning and
context. In this work, SciBERT is used as a semantic
encoder, converting every keyword in a textual form
into a refined, context-sensitive numerical signal that
becomes its starting node feature. These vectors are
used as features to describe each node in a scientific
network, and community detection algorithms group
similar nodes together. This approach helps identify
communities based on similarity of scientific
content, rather than just structural connections. With
the aggregated list of all co-occurring index
keywords of a given term, SciBERT learns a dense
vector representation of that word that encodes the
specific meaning of that word and its research

79

context in the dataset. This enables the Graph Neural
Network to not only consider the topology of the co-
occurrence network but also the rich semantic
connection between concepts, so that the
communities identified by the model represent
clusters of keywords that are not only frequently
connected but also cognitively coherent. This helps
in revealing groups of related research topics,
methods, or collaborations across disciplines,
especially useful for large scientific networks. Using
SciBERT features leads to more meaningful and
understandable scientific communities, helping
researchers better understand the research landscape
and potential collaborations.

3.5. Community Detection

Community detection is the process of
determining the densely connected groups of nodes
within the complex network. This process can be
achieved by applying numerous traditional
algorithms on the network to understand the
structures of the network and the interconnection
between the nodes. The Louvain algorithm is one of
the best-known traditional algorithms among other
algorithms, which is chosen from the existing works
for obtaining better results when compared with
other methods. The Louvain algorithm is a quick and
scalable algorithm to identify communities in large
networks, with low computation complexity and
high efficiency. The Louvain algorithm is based on
first assigning nodes to their own communities and
then repeatedly merging nodes in a modularity-
optimal way. Such groups are then combined into
super nodes, which create a smaller graph. This is
repeated until no more modularity can be achieved,
and a clear and effective community structure is
achieved. In this work, the Louvain algorithm is used
to identify communities on the Scopus keyword
network of co-occurrence and then the detected
communities are visualized using Python.

The difference between community detection
and traditional supervised learning tasks is that
community detection is not based on the availability
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of node labels. This makes common evaluation
measures like accuracy, precision, recall and F-
measure  inapplicable. As an  alternative,
unsupervised metrics of structural coherence and
separation on the network are used to measure the
quality of the identified communities. The quality of
communities identified is measured by such metrics
as the ARI and NMI Scores. These measures are the
most appropriate since they measure the structural
and relational quality of communities and do not
concentrate only on the performance of predictions.
Graph Neural Networks are used to strengthen this
evaluation because they produce enriched
representations that enhance the process of detection
and evaluation of community structures.

More advanced models in Graph Neural
Networks can be combined with community
detection to improve community detection
performance and to benefit community detection.
The communities identified by the Louvain
algorithm generate the pseudo labels, which can be
applied to the GNN models for training. Since the
Ground truth labels are not available for this
network, it is real-time data. The analysis of
keywords in each community is used to find the
latent research themes and simulate the relationship
between communities to acquire insights into the
overall framework of the research field.
Incorporating GNN with the Louvain algorithm
gives meaningful community structures as further
features to learn. The main purpose of this
integration is to overcome the inapplicable
traditional evaluation measures. Such community
knowledge boosts the level of representation to
achieve further tasks. This combination enhances
accuracy to a greater extent and the interpretability
of complex networks.

3.6. Graph Neural Networks (GNN)

Graph Neural Networks are deep learning
frameworks specifically designed to model and
analyze graph-structured data. They expand neural
networks by adding graph topology to the learning
process. GNNs are useful in non-Euclidean data in
which relationships are more important than
absolute positions. They allow structural and
semantic information of nodes and edges to be
retained in representations of learning. GNNs can
deal with graphs of arbitrary scale and structure,
which allows them to be trained to work with new
graph data without requiring a complete retraining.
They can be easily interpreted since they can capture
the nature of patterns of relationships that are
normally ignored in a conventional machine learning
model.
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GNNs have also been designed in different
architectures to solve different graph learning tasks.
Graph learning tasks are categorized as node, edge
and graph level according to the focus of the task.
Node-level tasks forecast the characteristics of
nodes. Relationships between nodes are predicted by
edge-level tasks. Graph-level tasks, generating
information about the graph as a whole and
community detection are one such example of a
graph-level task. The GNN model used is selected
for the reason that it is precise, scalable and
appropriate to community detection in complex data.
This provides robustness while maintaining the
model computationally feasible on large-scale graph
data. To achieve a good level of local and global
structural information and provide high levels of
computational efficiency, these GNN models were
chosen. When graph topology is paired with node
characteristics, its capability provides appropriate
embeddings that illustrate community separations.
In addition, GNNs have been extensively shown in
the literature on citation and co-authorship network
tasks. But this work is based on a keyword co-
occurrence  network, which makes it a
comprehensive starting point to assess community
structures. This is work. GNN Methods like GCN,
GraphSAGE, FeaStConv, APPN,
WLConvContinuous and AGNN were used and as
listed in Figure 10.

(GCN - Graph Convolutional Network

GraphSAGE - Graph Sample and Aggregate

FeaStCony - Feature-Steered Graph Convolutions

APPNP - Approximate Personalized Propagation of Neural Predictions

'WLConyContinuous - Weisfeiler-Lehman Continuous Convolution

GNN - Graph Neural Network
Models

AGNN - Attention-based Graph Neural Network

Figure 10: Implemented GNN Methods

3.6.1. Graph Convolutional Networks (GCN)
GCN represent a general type of graph neural
networks that process graph-structured data through
incorporating the information of the neighbours of a
node. GCNs are worked out based on the layer-wise
propagation rule, in which each node is expected to
update its feature representation with a combination
of the features of the node itself and a weighted sum
of features of its neighbours. The aggregation
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enables the model to learn local graph structures and
similarities of nodes. To perform community
detection, GCNs are trained to embed nodes so as to
capture patterns of connectivity, where nodes within
the same community will share similar
representations, and can be clustered or labeled to
recognize communities.
3.6.2. Graph Sample
(GraphSAGE)

GraphSAGE is an inductive GNN that forms
node embeddings by fixed-size neighbourhood and
aggregating neighbour features using mean, LSTM
or pooling functions. GraphSAGE is not like a
traditional GCN since it can process unseen nodes,
which makes it useful for dynamically evolving
graphs. GraphSAGE embeddings are used in
community detection to encode structural and
attribute-based similarities, and nodes with similar
roles within the graph or connectivity behaviour are
grouped and hence communities in large-scale
graphs are revealed.

3.6.3. Feature-Steered Graph Convolutions
(FeaStConv)

FeaStConv is a GNN that learns to dynamically
compute the convolution weights of the node pairs
depending on their feature and facilitates adaptive
message passing. This uses the learned attention to
modify the contribution made by neighbouring
nodes to the target node representation instead of
using fixed aggregation weights. This method gives
FeaStConv the ability to learn the intricate graph
structures better. In order to detect communities, it
discovers subtle relationships among nodes,
generating embeddings that display dense and well-
connected clusters.

3.6.4. Approximate Personalized Propagation of
Neural Predictions (APPN)

APPNP is one of the GNN techniques which
used to build on neural network predictions based on
personalized PageRank-based propagation, which
enables the flow of information over long distances
but prevents over-smoothing. This initially
calculates initial node features with a neural network
and subsequently makes a propagation across the
graph with a teleport probability. In community
detection, APPNP embeddings represent local and
global structural information. They determine
communities in which nodes are well connected
within the same community and have clear
boundaries between various communities.

3.6.5. Weisfeiler-Lehman Continuous
Convolution (WLConvContinuous)

WLConvContinuous is one of the GNN
methods that is based on the Weisfeiler-Lehman
graph isomorphism test. This recursively trains node

and Aggregation

81

features by fusing neighbor features in a way that
reflects the topology of the graph only in a unique
way, and thus provides the model more capacity to
discern nodes with diverse structural functions. In
the case of community detection,
WLConvContinuous ~ will  produce  similar
embeddings that capture fine-grained structural
differences to ensure that similar nodes belong to the
same community, whereas distinct communities can
be separated.

3.6.6. Attention-based Graph Neural Network
(AGNN)

AGNN adds an attention mechanism to graph
neural networks, enabling nodes to attach varying
weights to their neighbours when aggregating
features. AGNN can learn attention scores using
them to concentrate on important neighbours and
disregard irrelevant ones to enhance the learning of
representation in heterogeneous or noisy graphs. To
detect communities, AGNN embeddings emphasize
high intra-community ties and attenuate the effect of
weak inter-community edges and thus, it is simpler
to distinguish cohesive groups of nodes into
observable communities.

3.7. Hybrid Framework

A hybrid framework is a combination of several
approaches aimed at utilizing their strong points to
perform better. This publication combines the classic
Louvain algorithm with several Graph Neural
Network models and applies SciBERT to get
meaningful features of keywords. This method is
more accurate, robust and flexible in detecting the
community and in doing this, the limitations of the
other methods are overcome and the best textual
information is efficiently captured. The Hybrid
Framework combines different approaches to
analysis to increase the accuracy and insights in
analyzing complex data. The hybrid framework uses
both structural and feature-based information to
detect a community through the combination of
community detection algorithms and the use of
graph neural networks. It improves the detection of
the community based on the keywords using
modularity optimization with node feature learning.
The framework helps to detect research clusters and

identify more precise insights into complex
bibliometrics networks.
The hybrid model is used to identify

communities of keywords with the help of traditional
community detection, semantic features extraction
from SciBERT and graph neural networks. The
Louvain algorithm is used first on the co-occurrence
network of the keyword to draw the initial
communities maximizing modularity. This process
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identifies communities that are closely related to
keywords densely for creating pseudo-labels of
possible community membership of each node.
Simultaneously, the scientific text-specific pre-
trained language model SciBERT obtains the vector
representation of each keyword. These embeddings
represent the semantic meaning and contextual
relationships of the keywords and they offer the rich
node features that represent the content of the
scientific publications. The SciBERT-generated
node features and the Louvain-generated pseudo-
labeled communities are then given as input to
different GNN  models, including GCN,
GraphSAGE, FeaStConv, APPNP,
WLConvContinuous and AGNN. These integrated
hybrid framework models are named as
SciBLoGCN, SciBLoGS, SciBLoFSC,
SciBLoWLC, SciBLoAPPNP and SciBLoAGNN.
The GNN models combine both the structure of the
network and the semantic features to optimize the
community detection. They establish more exact
representations for each node, enabling them to
recognize communities that are both structurally

sound and semantically meaningful. The
combination of these three elements brings the
framework the accuracy, generalization and

interpretability of keyword community detection in
large-scale bibliometric networks.

4. EXPERIMENTAL RESULTS

Experimental Results highlight the findings of
the proposed methods that are presented
systematically by evaluation and analysis. The
effectiveness and reliability of the developed models
are supported by experimental Results, which may
be evaluated by experimental evidence. The network
contains nodes expressed in the form of a keyword
and Edges represent relationships of co-occurrence
of keywords between documents. The preprocessing
was used to eliminate duplicates, self-loops and
noise to ensure a quality of the network of keyword
co-occurrence was obtained. Scientific term
representations were used to create node features in
the form of SciBERT embeddings, which are rich
context representations of scientific terms.

The community detection process in this hybrid
model is based on the concept of having an initial
community partition that is generated using the
Louvain algorithm community detection algorithm
based on SciBERT Features, which produces the
pseudo-labels. The framework performs on different
GNN models, namely GCN, GraphSAGE,
FeaStConv, APPNP, WLConvContinuous and
AGNN. These proposed frameworks are named as
SciBLoGCN, SciBLoGS, SciBLoFSC,
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SciBLOWLC, SciBLoAPPNP and SciBLoAGNN.
These numerous GNN models are used to compare
them and evaluate their performance through
performance evaluation metrics. The adjacency
matrix and the node features based on SciBERT
were used to train the GNN on the training set. The
Louvain algorithm produces pseudo-labels, which
are only used on the training nodes, and the GNN is
left to learn the patterns of the communities without
having access to the test set. These pseudo-labels
were applied as supervisory labels in training the
GNN. The dataset was separated into training and
testing datasets using a standard 80:20 ratio at the
node level, where the labels on communities of test
nodes are not disclosed in the training phase to test
the performance of the generalization. The training
set also includes nodes that have pseudo-labels
produced by the Louvain algorithm that direct the
GNN models to learn the community structure. The
features are embedded using SciBERT-based node
embeddings with the keywords in each node, which
enables the models to learn semantic and structural
information. The test node labels will represent an
objective test of the capacity of the model to
extrapolate and reveal the true structures of
communities outside the original pseudo-labeling.
The effectiveness and strength of the framework in
reducing circular validation are further proved by
comparing and contrasting it with various GNN
models. The GNN models during training optimize
the representations of the nodes in order to identify
the communities without altering the patterns
between the nodes in the graph. The test nodes were
then identified to evaluate the performance of the
models, which was compared to the pseudo-labels
by detecting the community. These are evaluated by
measuring them using evaluation metrics (Precision,
Recall, F1-score, Accuracy) and partition similarity
measures, Normalized Mutual Information Score
(NMI), and Adjusted Rand Index Score (ARI). This
experimental design shows that GNNs, augmented
with the features of SciBERT, are able to identify
meaningful communities of keywords in co-
occurrence networks, and confirm the methodology
with both supervised and structural evaluation
measures.
4.1. Evaluating the Performance of Detected
Communities

The evaluation metrics are used to evaluate the
ability of the model to assign nodes to communities
correctly as compared to pseudo-labels. The pseudo-
labels are produced by the unsupervised community
detection algorithms, which are treated as training
and testing targets for the GNN. The similarity
measures of partitions are used to compare the level
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of agreement between two partitions of the
community. They are especially applicable to
community detection in cases where ground truth is
frequently inaccessible and are compared to baseline
partitions. These are measures that evaluate the
stability and consistency of identified community
structures. Normalized Mutual Information (NMI) is

a measure that determines the mutual information
between predicted and reference partitions. Adjusted
Rand Index (ARI) measures the similarity of two
partitions, and it adjusts for chance agreement. The
overall performance for detected communities is
tabulated in Table 1.

Table 1: Performance of Detected Communities.

Year | Metrics \ SciBLo SciBLo SciBLo SciBLo SciBLo SciBLo
Dataset Name GCN GS FSC APPNP WLC AGNN
2006 DC 5 5 5 5 6 5
- | SBD 1 | NMI 0.9742 0.9425 1 0.9742 0.8887 0.9477
2013 ARI 0.9892 0.9611 1 0.9903 0.9308 0.9798
2014 DC 9 9 7 9 8 8
- | SBD 2 | NMI 0.8417 0.9301 0.8166 0.8218 0.9252 0.8844
2016 ARI 0.8686 0.9463 0.857 0.8203 0.9462 0.8992
DC 9 8 9 9 8 10
2017 | SBD 3 | NMI 0.729 0.9015 0.8387 0.8003 0.9239 0.9233
ARI 0.7462 0.9312 0.8742 0.8201 0.9529 0.9496
DC 9 8 10 9 12 10
2018 | SBD 4 | NMI 0.8794 0.9062 0.8785 0.7851 0.9245 0.8584
ARI 0.9278 0.939 0.9202 0.8294 0.945 0.8929
DC 7 6 9 6 7 6
2019 | SBD 5 | NMI 0.8017 0.8994 0.8232 0.6202 0.9058 0.8118
ARI 0.8651 0.935 0.8832 0.6806 0.9363 0.8532

Table 1 shows the performance of six models of
Graph Neural Networks on various Scopus-based
datasets between the years 2006 and 2019. DC
shows the number of Detected Communities,
whereas NMI and ARI demonstrate grouping
consistency and structural quality of the detected
communities. In the case of SBD 1 (2006-2013), 5-
6 communities were identified by all models, with
SciBLoWLC obtaining 1 in both NMI and ARI, and
this aspect shows the outstanding performance of
this model on this small dataset. In SBD 2 (2014-
2016), the DC falls between 7 and 9, and values of
NMI and ARI are the greatest, around 0.9395, which
demonstrates the strong performance of community
detection on a medium-sized dataset. SBD_3 (2017)
showed DC between 8-10, whereas SciBLoGS and
Continuous SciBLOAGNN presented the best NMI
and ARI above 0.92, which is a good clustering
behaviour. In the case of SBD 4 (2018), DC was
between 9 and 12, whereas the highest ARI of 0.945
and NMI of 0.9245 were detected in SciBLoAPPNP
and  SciBLoWLC, indicating  trustworthy
community detection on a large dataset. DC range
between 6 and 9 in SBD 5 (2019) and high values
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of NMI and ARI of 0.8994 and 0.935 in SciBLoGS,
respectively, prove the stability of model
effectiveness on a larger dataset. The variation in the
size of data among the datasets represents the small,
medium and large quantities of publications and
keywords that affect the quantity of identified
communities and performance of the clustering. The
performance of identified communities based on a)
NMI score, b) ARI score and c) detected
communities count is shown in Figure 11.

NMI

~#-SBD_I —e=SBD 2 ~—=-SBD_3 SBD_4 —+—SBD_S

0.95

. ‘,&,;:‘:

09
0.85
08
075
07

0.65

06
0.55
SciBLOGCN

SciBLOGS SciBLOFSC SciBLOAPPNP

GNN MODELS

SCBLOWLC SciBLOAGNN

a) NMI Score




Journal of Theoretical and Applied Information Technology

31 March 2026. Vol.104. No.6

© Little Lion Scientific

d

N

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

ARI Score

=—SBD_I —e—SBD_2 -—=—SBD_3 -O-SBD_4 —e—SBD_S

SEBLOGCN SeiBLOGS SCBLOFSC SCiBLOAPPNP SEBLOWLC SCBLOAGNN

GNN MODELS

b) ARI Score

Detected Communities

~u-SBD_I —e—SBD_2 —=-SBD_3 —+—SBD_S -O-SBD_4

SeiBLOGS

ScBLOGCN SciBLOFSC SciBLOAPPNP SeiBLOWLC SGBLOAGNN

GNN MODELS

¢) Detected Communities
Figure 11: Performance of Detected Communities

4.2. Hyperparameter and Evaluation Metrics

The hyperparameters manage a particular
element of the model architecture or training
procedure to enhance performance and guarantee the
efficient identification of the community. Table 2
shows the important hyperparameters of the GNN
models on five datasets of Scopus. GNN Layers
determines the graph convolution layers in the
network. All models operate on 2 layers that elicit
node relationships but do not overfit on smaller
datasets. This value is selected to be at a level of
balancing complexity and computation time of the
model. Dimensions of Hidden Layers gives the
number of neurons in each of the hidden layers.
Values of SBD 1 and SBD_2 are 16 and those of
SBD 3-SBD 5 are 64; thus, the model will learn
more complicated patterns on large datasets. The
values are chosen to suit the growing dataset size and
network complexity. Dimensions of SciBERT Node
Features show the size of the feature vector of each
node based on SciBERT embeddings. The fixed
dimension of 768 gives a rich semantic
representation of the keywords.

Table 2: Hyperparameters Tuning

Hyperparameters sBD_I | sBD2 | sBD3 | sBD 4 | sBD.S
GNN layers 2
Dimensions of Hidden Layers 16 | 16 ‘ 64 | 64 | 64
Dimensions of SciBERT Node Features 768
Optimizer Adam
Activation Function ReLU (Rectified Linear Unit)
Dropout Rate 0.5
Learning Rate 0.01
Number of Epochs 300 | 300 | 700 | 700 | 700
Temperature 2.0

Optimizer decides which algorithm to use in
changing model weights when training. Stable and
efficient gradient updates are done on Adam. The
option guarantees rapid convergence and credible
training between datasets. Activation Feature
stipulates the non-linear operation on layer outputs.
ReLU is a non-linear method that is computationally
efficient. The purpose is chosen due to its simplicity
and ability to work in deep networks. Dropout Rate
determines the proportion of neurons that are
randomly disabled in training. The rate of 0.5 will
minimize overfitting and maintain enough
information. The value is decided upon so as to have
a balance between regularization and learning
capacity. Learning Rate regulates the decrease in
weight wupdates. A balance between stable

e
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convergence and learning speed is achieved at a
value of 0.01. The rate is chosen to make sure that it
is optimized gradually and successfully. The number
of Epochs is the number of times the training data
has been passed through. The smaller datasets go
through 300 epochs, whereas the larger datasets go
through 700 epochs to guarantee proper learning.
The values are selected so as to provide enough
training using the size of the dataset. The
Temperature-Scaled  SoftMax  hyperparameter
modifies softness of pseudo-labels by transforming
hard one-hot labels into continuous probabilities.
The increased temperature (2.0) can be used to allow
the GNN architecture to consider a range of
community assignments, whereas lower temperature
generates stricter labels. Loss Function determines
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the goal that the model is going to maximize.
Negative Log Likelihood loss is useful in managing
tasks involving the detection of multi-class
communities. The loss has been chosen because it is
appropriate for classification and community
assignment assignments. The purpose of this tuning
is to strike a balance between replicating the
traditional algorithms and discovering new
structures to enhance the gradient flow and training
stability. Loss functions like Negative Log
Likelihood Loss (NLL) and Kullback-Leibler (KL)
Divergence loss are used to train the model to align
its predictions with real patterns on hard labels, and
to align the distribution of predictions on soft labels,
respectively, and the optimization of the form of its
structure is available. Adjustments in the hidden
layer size and the number of epochs are dependent
on the size of the dataset, as it allows the model to
find complex patterns in medium and large datasets.

The performance of these models is based on the
comparison of the performance as predicted and

actual labels, which can be measured in terms of
True Positives (TP), False Positives (FP), False
Negatives (FN) and True Negatives (TN). These
measures give a clear view of the performance of the
model. True Positives (TP) in this case indicate those
nodes that are properly placed within a community,
False Positives (FP) are nodes that are wrongly
placed within a community, False Negatives (FN)
are those nodes that belong to a community but are
not identified and True Negatives (TN) are those
nodes that are not misplaced. Precision is used to
define the extent of the correctly allocated nodes in
relation to all members of a community that are
being predicted. Recall indicates the share of the true
community members that was identified. The F1-
score is a harmonic average of precision and recall,
thus giving a balanced score of both. Accuracy
represents the general percentage of nodes that are
assigned to their communities. The detailed
evaluation results are tabulated as performance
evaluation metrics in Table 3.

Table 3: Performance Evaluation Metrics

Year Metrics \ Dataset Name SciBLo SciBLo SciBLo SciBLo SciBLo SciBLo
GCN GS FSC APPNP WLC AGNN
Precision 0.9719 0.9819 0.9833 0.9718 0.9534 0.9818
2006- | oy Recall 0.951 0.9802 0.9833 0.956 0.95045 | 0.9802
2013 - F1-Score 0.9699 0.9804 0.9826 0.9697 | 0.95049 | 0.9798
Accuracy 0.9703 0.9802 0.9901 0.9703 0.9505 0.9802
Precision 0.941 0.975 0.9302 0.931 0.9746 0.9588
2014 SBD 2 Recall 0.9397 0.9745 | 0.92646 | 0.93054 | 0.97457 | 0.95812
2016 - F1-Score 0.9397 0.9744 0.927 0.9302 0.9744 0.9579
Accuracy 0.9397 0.9745 0.9265 0.9305 0.9745 0.9581
Precision 0.8829 0.9656 0.9413 0.923 0.9761 0.973
Recall 0.8776 0.9654 | 093747 | 0.92195 | 0.97605 | 0.97295

2017 | SBD 3
- F1-Score 0.8747 0.9652 0.9382 0.9216 0.976 0.9729
Accuracy 0.8776 0.9654 0.9375 0.922 0.9761 0.9729
Precision 0.9655 0.9751 0.9637 0.9205 0.9778 0.957
Recall 0.9652 0.9749 | 0.96320 | 0.91892 | 0.97776 | 0.95673

2018 | SBD 4
- F1-Score 0.965 0.9749 0.9632 0.9181 0.9777 0.9567
Accuracy 0.9652 0.975 0.9632 0.9189 0.9778 0.9567
Precision 0.9379 0.9717 0.9427 0.8455 0.9742 0.9377
Recall 0.9371 0.9715 | 0.94173 | 0.84642 | 0.97398 | 0.93661

2019 | SBD 5
- F1-Score 0.9372 0.9716 0.9417 0.8453 0.974 0.9368
Accuracy 0.9371 0.9715 0.9417 0.8464 0.974 0.9366
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The datasets are chosen to capture the various
data scales. SBD 1 is a small dataset that has fewer |
network structures. SBD 2 and SBD 3 are medium-
sized datasets that are of medium complexity.

SBD 4 and SBD _5 are bigger and more complicated i l
datasets, which represent complex relationships and B \
difficult community discoveries. In the case of the * ‘

dataset SBD 1 between 2006 and 2013, ' e — —p e s
SciBLoGCN has given the best results in terms of OSciBLOGCN  BSciBLoGS  BSBLOFSC  DSGBLOWLC BSciBLoAPPNP  BSciBLoAGNN
precision, recall, F1-Score, and accuracy, all greater
than 0.99, which can be discussed as highly
consistent and reliable predictions. SciBLoGS
performed the best in the SBD 2 dataset 2014-2016, Real
with all the evaluation metrics of approximately [ -
0.974-0.975, showing that it can better address the * | -
network structure in the period between 2014 and g |

.85 ‘
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SBD_1 SBD 2 SBD_3 SBD_4 SBD_S
OSciBLOGCN  BSciBLoGS  BSciBLoFSC  OSciBLoAPPNP  BSciBLOWLC ~ @SciBLoOAGNN

Precision

=

=

=

=

=

a) Precision

=

=

2016. In the case of SBD 3 data of 2017,
SciBLOWLC outperformed the rest of the
approaches, demonstrating a precision and accuracy
of more than 0.976, which shows that the process is
effective in identifying community structures. In
2018, the SciBLoWLC was once again at the top of
the results in SBD 4, where the precision and b) Recall
accuracy were nearly 0.978, which is a reliable and

correct performance. Lastly, in the SBD 5 dataset of

2019, WLConvContinuous retained its lead with a

precision and accuracy of about 0.974, which proved Fl-Score

its continued usefulness in diagnosing communities. !

Generally, SciBLoWLC and SciBLoGS have always 05 |‘

=

scored the best on various datasets, which indicates
their strength and effectiveness in community
detection activities. The comparison among
evaluation metrics is visualized in figure 12 a) to e).

OSciBLoOGCN ~ BSciBLoGS  @SciBLoFSC  DSciBLoAPPNP  ESciBLOWLC — @SciBLoOAGNN
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Figure 12: Comparison among Evaluation Metrics

4.3. Discussion

Benchmark datasets have fixed ground truth
labels to evaluate. Unlike Benchmark datasets,
Scopus KCN does not have ground truth because the
networks of research keywords in the domain are
dynamic and specific to the domain and ground truth
is not feasible through manual labeling. Since there
are no ground truth community labels available for
real-time data, Scopus KCN relies on pseudo-labels.
These pseudo-labels enable the GNN to replicate
supervised learning and it is able to recover
meaningful and data-driven communities that
replicate actual research trends and it can also
perform performance evaluation like actual
benchmark datasets. Pseudo-labels can be used to
compare the performance of a model to assess its
ability to detect communities where ground truth is
unavailable and they also enhance the identification
of meaningful communities of keywords. This
makes the model evaluation less independent, as the
GNN can reproduce the existing structures. The past
research has shown that thematic structures are
identified by keyword co-occurrence networks
through network connectivity. The findings of this
work build upon these results by demonstrating that
structure is not enough to interpret the community
accurately. Communities identified with semantic-
enriched node representations are more internally
consistent when assessed with an agreement
measure. This confirms that community detection
using semantic information outperforms when
compared with conventional topology-based
community detection.

The Louvain traditional community detection
approach of identifying communities based on
SciBERT Features integrated with Graph Neural
Networks models, as experimental results on KCN
graphs. The node is expressed by textual features of
the key words processed by SciBERT, which enable
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the GNN to be trained on forming rich feature
embeddings that store semantic as well as structural
information. In order to determine reference
structures, a baseline community detection
algorithm, such as Louvain, was used to produce
partitions used as pseudo-labels. Training GNNs
with pseudo-labels provided by the Louvain
algorithm may lead to circular validation since the
same procedure determines and measures the
communities. To deal with this, the framework
strictly separates training and testing datasets in
order to provide an unbiased evaluation and valid
community detection performance. During the
training step, the graph data set is divided at the node
level into a training and test set (standard 80:20). The
GNN is able to optimize the node representations by
reducing the gap between the identified community
memberships and the pseudo-labels. Such pseudo-
labels give supervision when training the different
GNN models, including GCN, GraphSAGE,
FeaStConv, APPNP, WLConvContinuous, and
AGNN. The training and testing design avoids
circular validation by making sure that test nodes are
fully independent when the model is being trained.
The GNN identifies higher-order relational patterns
not based on the Louvain structure by feature
representation using SciBERT node embeddings.
The independent validation on hidden test data is an
assurance that the model is using real community
structures and not recreating the available structures.
The evolution of SBD 3 into Community 7
Keyword Communities is the gradual narrowing
down of the 2017 Scopus Keyword Co-occurrence
Network into a narrower thematic cluster of related
keywords. This process facilitates community
finding by separating closely related sets of
keywords, so that specific areas of special research
within the larger network can be identified more
easily. To build the relationships between indexed
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words as they appear in research articles, the original
SBD 3 graph of the 2017 Scopus Keyword Co-
occurrence Network (KCN) was originally built to
showcase the relationship between indexed
keywords in their co-occurring context. The
community detection process was used to analyze
the graph systematically in order to find meaningful
groups of most closely related keywords. The
identified communities graph showed that there
were some distinct clusters of keywords that
represented a specific area of research. Based on this
step, the KCN was further divided into community-
related sets of keywords so that they could be

analyzed as thematic patterns. Community 7 was
chosen separately as a sample representation to show
how KCN are identified as a consistent keyword
community with a high internal correlation of its
words and the clear focus of research in the context
of the larger network. The transformation from the
original SBD 3 graph, then Detected Communities
Graph using the SciBLoGS model and next
separated KCN as Community-wise Keyword
Communities into the actually identified Community
7 Keyword Communities shows how the 2017
Scopus KCN was refined over time into the specific
thematic patterns, as depicted in Figure 13.

Detected Communities

Community-wise Keyword Communities from KCN

Community 7 Keyword Communities

Figure 13: Transformation of SBD_3 into Community 7 Keyword Communities using SciBLoGS

Community 7 Keyword Communities, the point
of focus is characterized by a small set of the most
powerful keywords, including visual languages,
image sensor designs, computer hardware, mobile
robots and high-level abstraction. These keywords
reflect a high correspondence with the development
of intelligent systems and automation, where visual
comprehension and sensor networks are important in
improving computational efficiency. Availability of
computer hardware indicates the basis of
constructing effective architectures to accommodate
these new technologies, with mobile robots
highlighting the applications involving perception,
control, and flexibility. High-level abstraction refers
to the conceptual frameworks and modelling
methods that contribute towards making the
complex system designs easier to understand,
enhancing functionality and readability. The
combination of these keywords shows that there is a
unifying and dynamic research direction in the field
of intelligent computing and autonomous system
development that is directed towards the larger
scientific =~ communities. But the identified
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communities are aimed at grouping similar
keywords based on pseudo-labelling, but do not
explicitly provide the exact labels for the detected
communities based on their research themes. Post-
analysis and expert validation still remain necessary
to interpret research themes. This constraint has an
impact on the direct usability of the identified
communities in the automated topic identification
and presents the necessity of having theme labelling
mechanisms in future work. The main research issue
that is addressed in the work revolves around the
poor semantic sensitivity of current keyword-based
community  detection techniques used on
bibliometric networks. The majority of the existing
methods are based on co-occurrence frequency and
network  topology that limits meaningful
interpretation of research communities. The other
research issue is the lack of validation of advanced
community detection models on scale on large real
world bibliographic data like Scopus. The lack of
automatic identification of research themes based on
communities identified and the difficulty in
combining semantic understanding with scalable
graph learning models are open research issues.
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Other open problems are associated with the
generalisation of community detection models to
different times and fluctuating research areas.

5. CONCLUSION

The proposed novel framework of research
keyword-based community identification on Scopus
bibliometric information shows an innovative
method of interpreting recent research trends. This
work provides a holistic approach to studying
bibliometric networks on a large scale by integrating
the traditional community detection methods with
more advanced deep learning models. Incorporation
of the Louvain algorithm with other Graph Neural
Network (GNN) models, with benefits added by the
SciBERT-generated node features, has
demonstrated promising outcomes in identifying
meaningful research communities. This is a hybrid
method, which would combine the benefits of both
the traditional and modern methods and will enable
one to have a more subtle view of how the different
domains of research are interconnected.

The results of the experiment demonstrate the
existence of effective research communities with
references to the structure and interconnections in
the keyword co-occurrence network. This
framework also gives meaningful information to
scholars as they are able to establish relationships
among the various research fields and prioritize their
research strategies accordingly. The step-wise
procedure of the methodology, based on data
collection and preprocessing, as well as the
implementation of sophisticated GNN models,
predetermines a comprehensive and systematic
analysis of the bibliometric data. Multiple GNN
methods (GCN, GraphSAGE, FeaStConv, APPNP,
WLConvContinuous, and AGNN) can be used to
make a comparative evaluation and select the most
suitable model to be used in this specific application.
This novel framework performs well on
SciBLoWLC and SciBLoGS models among the
other models. This provides a great contribution to
the field of bibliometric analysis by presenting a
powerful instrument that allows researchers and
policymakers to navigate the confusing world of
scientific research. This strategy can potentially
guide strategic decision-making in academic and
research settings by offering a more comprehensive
insight into the structures of research communities
and how they have changed over time. The
framework serves as an important source of
knowledge on how the various emerging research
areas relate to each other and this helps the
researchers to understand the relationship between
one topic and another and also the direction that
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future research should take by developing the
automated topic identification and presents the
necessity of having theme labelling mechanisms as a
future work using LLM. Future research work is to
extend the framework to analyze interdisciplinary
research by examining connections between
traditionally separate fields, such as Cross-domain
analysis. Optimize the framework for handling even
larger datasets, potentially exploring distributed
computing solutions. Develop methods to track the
evolution of research communities over time, for
identifying emerging trends.
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