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From the Editor

It is great pleasure for me to present this issue of Machines and Algorithms journal. This issue explores
the concept that how technology is not only reshaping industries and society, but also driving key
innovations through both theoretical progress and practical applications. The contributions in this issue
cover topics from machine learning applications in natural language tasks, computer vision tasks, and
decision-making systems in medical field. Collectively, all of the contributed authors have explored the
depth of ongoing researches being performed in this area, as well as the primary challenges and potential
prospects that still persist.

In this issue, a rigorous collection of scholarly research articles is compiled, which have been assessed
by a thorough peer-review process. [ want to sincerely thank all the authors of this issue for their valuable
contributions and specially acknowledge the contribution of reviewers for their dedicated work. Here's a
quick look of the articles published in this issue.

The paper “The Rise of Conversational BI and NLP’s Impact” is based on a comprehensive review of
eighteen studies, which are based on Natural Language Processing (NLP) and revealed that it significantly
improves Business Intelligence. By creating conversational interfaces, NLP makes data more accessible
and assists people in better decision making. This study also highlights the existing challenges with scaling,
computation, and ethics in this field.

The paper “Unveiling Hidden Communities: A Graph Clustering Approach to User Interactions and
Closeness” has presented a new way to locate social communities that uses local knowledge and node space
similarity. The proposed method has combined graph embedding, eigenvector centrality, and closeness
measures in the presented hybrid graph clustering approach. The performance evaluation of proposed
hybrid model has been done over six real-world open-access datasets, which include DBLP, Amazon, and
Facebook-Ego. Results of this study shows that; the proposed approach has outperformed traditional
algorithms dedicated for the detection of communities in social networks. Moreover, it has also achieved
high accuracy and scalability on the selected datasets.

The paper “Predicting Colorectal Cancer Using Machine Learning and Worldwide Dietary Data” have
explored the implication of different state-of-the art machine learning based approaches for the early-stage
diagnosis of colorectal cancer (CRC). This study involved the testing and evaluation of nine different
supervised and unsupervised machine learning models, which have been primarily tested on a large-scale
dietary dataset of 109,343 individuals. The performance analysis of this paper shows that Artificial Neural
Network (ANN) has achieved the best performance among all tested models, with a misclassification rate
of only 1% for CRC and 3% for non-CRC cases. These findings highlight the potential of ANN-based
predictive modelling for CRC screening, which can significantly improve early diagnosis and treatment
outcomes regarding CRC.

The paper “Traffic Sign Recognition Using a Customized Convolutional Neural Network” has
introduced a customized Convolutional Neural Network (CNN) for the classification of traffic signs. The
main motive of the proposed approach is to deal with one of the most prominent components of intelligent
transportation and autonomous driving systems. Using the German Traffic Sign Recognition Benchmark
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(GTSRB) dataset with data augmentation techniques, the proposed CNN achieved a significant accuracy
of 97%. Such a prominent performance of proposed model highlights its potential for real-world
deployment in autonomous vehicles, intelligent traffic management, and road safety applications.

Finally, the paper “Efficiency of K-Prototype and K-Mean Algorithm Using Support Vector Machine
(SVM)” focuses on gauging the efficiency of state-of-the-art clustering algorithms. This research compares
K-Means and K-Prototype clustering algorithms on five benchmark datasets of mixed datatypes (labeled,
unlabeled, mixed). By validating clustering outcomes through an SVM classifier, the study finds that K-
Means excels on labeled datasets, while K-Prototype is better suited for unlabeled and mixed data. It further
observes that accuracy decreases as the number of clusters increases, with two-cluster setups yielding
optimal results. These findings provide valuable insights into selecting appropriate clustering techniques
depending on data type and complexity.

With this I concludes the summaries of the papers finalized for this issue. I trust that this collection of
articles will not only inform and inspire researchers, practitioners, and students, but also contribute
meaningfully to advancing knowledge in machines and algorithms. For the future, we aim to increase our
journal's reach by collaborating with top research institutions, and potentially introduce special issues on
new technologies. We value your participation and feedback, which are key to our growth. My sincere
thanks once again to the researchers and reviewers who made this a reality.
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Abstract: This systematic literature review explores the impact of Natural
Language Processing (NLP) in developing Business Intelligence (BI) systems
focusing on the rise of Conversational Business Intelligence (CBI). It seeks to
determine how NLP can improve user accessibility, decision making, and options
available in navigating integration concerns in BI frameworks. Using the PRISMA
2020 guidelines, the review examined 18 peer-reviewed studies presented in the
period between 2019 and 2024 through the Google Scholar and the Saudi Digital
Library. Inclusion criteria based on pre-set criteria of NLP’s utilization in BI were
applied to studies, and for their quality — methodological rigor and relevance, were
considered. Findings had to be thematically grouped to handle issues of user
accessibility, decision consequences and technical issues. NLP obviously
increases BI accessibility with conversational interfaces that empower non-
technical users, up to 30% more adoption rates in self-service systems. It enhances
decision making using advanced analytics; sentiment analysis (85% accuracy) and
predictive modeling (>95% accuracy) enable real time insights. However,
scalability limitation, computational requirement and ethical issues such as bias
and privacy call for strong solutions for CBI’s effective deployment. NLP
integration of BI systems creates transformative value in terms of organizational
data application, but facing technical and ethical challenges, adoption is not an
easy task. In future research, building of scalable architectures, domain-specific
NLP applications and use of ethical frameworks should be considered for CBI
systems to be accessible, efficient and trustworthy. These have an implication that
calls for interdisciplinary activities in ensuring that technological innovation is
matched with practical utility.

Keywords: Natural Language Processing (NLP); Business Intelligence (BI); BI
Dashboards; Conversational BI; CBI;

1. Introduction

Organizations today generate data at an increasing rate, proportionately this data increases with the size
of the organization[1]. Business Intelligence (BI) systems have become an important decision-making tool
for organizations, because of this massive data growth including both structured and unstructured, that
allowed them to generate valuable insights to guide strategic and operational decisions[2], [3]. BI systems
allow organizations to work with analytical data and create insights for strategic and operational decisions
to maintain an edge in a changing market[4], [5]. Traditional BI systems maintain important status but face
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common usage problems with user accessibility[6]. The technical nature of interfaces together with static
dashboards and SQL as query language creates exclusion barriers for users who lack technical skills when
interacting with data[7], [8]. Over 70% of BI implementations fail due to poor user engagement and
inaccessible interfaces[9], [10]. Organizations that aim for data accessibility and data democratization
leadership need adaptable BI solutions because data democratization efforts continue expanding[11], [12],
[13].

BI systems achieve their most promising solution through the integration of Natural Language
Processing (NLP) which is an aspect of artificial intelligence[14]. A machine's ability to understand human
language becomes possible with NLP, it enables both interpretation and generation of natural speech, that
allows users to query the system through conversational dialogue[15]. The new system defines a complete
transition from standard BI into Conversational Business Intelligence (CBI) through which users obtain
accurate real-time information through verbal inquiries like "What were our Q1 sales figures"? [16]. The
introduction of CBI signals a fundamental change in BI direction; it creates a system that offers rapid
decision support and accessible to all users[16]. CBI, enriched with NLP, allows users to ask for data using
plain language (for example, what were our Q1 sales figures?’) providing real-time insights to accelerate
the decision-making process[17]. The application enables multiple user groups besides technical
stakeholders to become system supporters, which boosts overall adoption rates while facilitating
instantaneous analytics needs for finance, healthcare, and retail operations[13], [16]. Research has analyzed
each aspect of CBI over the past five years, but the literature has not been fully synthesized. The BI
landscape requires better systematic investigation which addresses how NLP technology advances this field.
The existing research fails to unite different advancements as well as challenges together with outcomes
related to CBI systems[18], [19], [20].

This paper performs a Systematic Literature Review (SLR), articles included are between 2019 and
2024. Eighteen relevant studies have been viewed to construct a concise understanding of CBI systems.
First, analyzes how NLP technology improves BI system for technical and non-technical users through
easier data handling methods. And then evaluates CBI systems in two areas: data acquisition speed and
real-time analytics capabilities in addition to their influence on operational decision speed. Also, focuses
on recognizing main technical issues with NLP implementation that are faced in BI systems regarding
scalability problems, ambiguous data, legacy system integration and multilingual support.

2. Background

Modern enterprises require better BI systems, because data-driven decision-making has increased their
operational dependence on data-driven choices[21]. The features of traditional BI systems include
structured dashboards with built-in reporting templates and dependence on Structured Query Language
(SQL) and other query-building approaches[22], [23]. BI systems that traditionally were structured for
technical users have a dashboard and SQL and thus exclude access which goes beyond technical users[24].
Organizations spend significant funds on Bl infrastructure, but numerous organizations experience limited
success in getting their users to adopt and engage with it [25], [26].

Recent NLP developments serve as solutions to address current dashboard and data interaction
boundaries[27]. As part of Artificial Intelligence (Al), NLP serves as the fundamental investigation which
develops methods for machines to understand human-level language activities[28]. NLP system integration
into BI enabled the development of CBI through which users achieve analytical tasks through natural
language queries that can be text-based or speech-based.[29] Deep learning found recognition through its
key advancements, which led to the development of transformer-based architecture[30]. BERT
(Bidirectional Encoder Representations from Transformers) uses its bidirectional attention mechanism
together with analyzing sentence contexts from both sentence directions whereas GPT-3 (Generative
Pretrained Transformer 3) demonstrates great proficiency in conducting few-shot learning and the dynamic
response generation [31], [32]. These architectural systems achieved remarkable performance in question
answering and named entity recognition together with language inference tasks thus becoming optimal
choices for BI domains that need to handle diverse user input formats and intentions[30], [31], [32].
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The BI context makes use of NLP to deliver three fundamental features: including (1) semantic parsing
for converting natural language questions into machine-executable queries, (2) intent recognition to detect
user objectives and (3) entity recognition which defines data schema elements such as "sales in Q1" as sales
table. Q1 [33], [34]. This system enables users without coding expertise to obtain BI through linguistic
processing of data schema information and query syntax [25], [35]. Adopting CBI demands the solution of
multiple technical obstacles in its implementation [16]. The main technical challenge in user input exists
because of its ambiguous nature which becomes difficult to handle when multiple intents or domain-specific
terms or vague references are present. A maturing set of context-aware systems that perform disambiguation
and dialogue management needs to handle such complex matters within enterprise setups [36], [37].
Dynamic scalability presents a vital practical issue for NLP elements to process real-time requests against
extensive database systems which may need supplementary caching components together with vector
search approaches and symbolic-sub-symbolic hybrid architectural methods [38], [39].

3.Methodology

3.1. Search Strategy

The purpose of SLR was to provide an in-depth analysis of both CBI growth and NLP involvement in
its development. The main purpose was to assess and combine research that explores the integration
approaches and usability aspects and functional challenges of NLP applications in BI systems. Applying
PRISMA 2020 procedures during the selection process [40]. An extensive research investigation through
two academic databases: Google Scholar and the Saudi Digital Library (SDL). The search terms and
strategy were constructed to capture the studies in the field of CBI and NLP (Tablel).

Table 1: Search Strategy and Keywords

Search Components Details

Databases Used Saudi Digital Library, Google Scholar

Search Period 2019-2024

Keywords "Conversational BI", "Business Intelligence", "Natural Language
Processing in BI", "Business Intelligence Dashboards", "BI
System"

Boolean Operators AND, OR

3.2. Selection and Screening Process

The first search retrieved 56,123 records (19,200 in Google Scholar, 36,923 in SDL). A multi-stage
screening strategy has been implemented to narrow studies according to predefined inclusion and exclusion
criteria indicated in (Table 2).

The PRISMA 2020 flow diagram (Figure 1) demonstrates the screening levels:
e 30,654 duplicates.
e 523 identified as ineligible by automation tools.
e 2930 excluded due to topic irrelevance.
e 2308 filtered based on publication type.
o 4,689 removed based on publication year.

e 11,200 excluded for other miscellancous reasons.
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Table 2: Inclusion and Exclusion Criteria

Criteria Inclusion Exclusion
Publication Peer-reviewed journal articles, Books, editorials, non-peer-reviewed
Type conference papers reports, grey literature
Language English Non-English publications
Relevance Studies focusing on NLP integration in Studies unrelated to BI, NLP, or CBI
BI or CBI systems
Publication 2019-2024 Published before 2019
Year
Accessibility Full-text accessible via institutional Full-text unavailable
access or open access
Methodology  Clear methodology (e.g., experimental, Insufficient methodological clarity or

case study, systematic review)

purely theoretical without evidence

A total of 3,819 records remained for title and abstract review after the first stage of refinement. A 108
full-text articles became available for review after 3,711 documents were excluded because they lacked
application to the research goals. Some articles remained inaccessible because of restricted access
limitations. The total number of unavailable texts amounted to 79 publications. The assessment phase
determined 29 full-text articles out of all selected documents. The application of inclusion and exclusion
criteria led to the exclusion of 11 articles mainly because of insufficient methodological clarity and
extensive length. Only 18 studies passed all requirements. The simplified visual summary (Figure 2) shows
the record counts during each stage of screening in addition to the PRISMA flow diagram (Figure 1).

Records identified from:
Google Schooler {n=19.200)
SDL (n=36.923)
Total (n=56,123)

Records removed before screening:
Duplicate records removed (n=30,654)
Records marked as ineligible by autemation
toels (n=523) Records removed by
| deviation of topic(n=2.930)

Records removed by filtening the type (n=
2,308) Records removed by filtering year
(n=4.689) Records removed for other
reasons (n=11.200)

—]—

Records screened

| Records excluded for relevance (n=3,711)

(n=3,819)

Reports sought for retrieval

hd

Beports not retrieved
@m=79)

(a=108)
!

Reports assessed for eligibility
(n=29) =

Reports excluded:
Paper length (n=11)

Studies included in review
@m=18)

Reports of included studies
(a=0)

Figure 1: Paper selection for literature review using PRISMA
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Figure 2: Simplified PRISMA Flow Diagram

3.3. Quality Assessment

The 18 included studies were evaluated for methodological rigor, relevance to CBI and NLP, and
contribution to the field. A quality assessment framework was adapted from [2], using three criteria:

e Methodological Rigor: Transparency in designing the study, collecting the data and analyzing
the results.

o Relevance: Alignment with the review’s RQs and focus on NLP in BI.

e Contribution: Uniqueness of the research findings or the possibility of their relevance to the
practice and theory.

Studies were classified as High Quality (strong rigor, clear relevance, significant contribution) or
Moderate Quality (moderate rigor, limited sample size, or narrower scope). Results are summarized in
(Table 6) (see Results section). High-quality studies included systematic reviews and experimental setups,
while moderate-quality studies were limited by small datasets or less rigorous methodologies.

3.4. Data Extraction and Categorization

The selected studies had their bibliographic details recorded. The research findings were categorized
thematically to enable structured analysis, and they appeared as shown in (Table 3).

Table 3: Categorization of Reviewed Studies

Category Description

User Accessibility and Engagement Improvements in user interaction via NLP
conversational systems without IT-skill
barriers

Data Retrieval Efficiency Speed and simplification of data retrieval
through natural language queries

Enhanced Decision-Making Enablement of predictive and prescriptive
analytics for better strategic decisions

Integration Challenges and Opportunities Difficulties such as scalability and
compatibility; opportunities through cloud
and Al tech
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The thematic categorization method directly supports the research questions and objectives within the
review (Table4):

e RQ1: What advancements do NLP methods add to the accessibility and involvement of BI
systems for the users?

o RQ2: What are the effects of NLP on decision-making processes within organizations?
¢ RQ3: What challenges and opportunities arise from integrating NLP into BI frameworks?

Table 4: Thematic Classification of Research Questions and Objectives

Research Questions Aims

RQI: Accessibility and Engagement How NLP integration improves user
accessibility in BI systems

RQ2: Decision-Making Impact Effects of NLP on organizational decision-
making processes

RQ3: Technical Challenges Operational and technical challenges of NLP

integration into BI

4. Literature Review

4.1. User Accessibility and Engagement

NLP enhance BI accessibility by allowing non-technical users to use the data using NL interfaces
without the need for expertise in querying languages such as SQL or complex navigation of dashboards.
Self-service BI and Natural Language Interface to Databases (NLIDB) increase adoption by non-technical
users by streamlining data access. Maghsoudi and Nezafati [41], used system dynamics modeling to
demonstrate self-service BI’s superior adoption rates for non-technical users. Based on the information
given by five experts, their simulation indicated that self-service BI had a 30% greater adoption rate over
five years because of better system quality, data and usability. Sen et al. [42], proposed an NLIDB which
converts complex NL queries to nested SQL using a financial ontology (FIBEN), merging datasets from
SEC and TPoX benchmarks. This system denies the need for SQL expertise for effortless data accessing.
Sawant and Sonawane[43], came up with an Enhanced Longest Common Subsequence (ELCS) framework
to resolve ambiguous NL queries, it preprocessed inputs by tokenizing, lemmatization and remove stop
words. The system translates queries into database schemas, and prepares visualizations (scatterplots,
heatmaps) for three query types: correlations, feature impacts, and relationships. Kim et al. [44], through a
design science paradigm adapted BI dashboards into conversational snapshots for platforms such as slack
and Microsoft Teams, which made them more accessible to the non-technical user through context aware
annotations and template-based visuals. Meduri et al. [45], deployed BI-REC, a multiagent, conversational
system, which model's analytics state as are represented by graphs that include BI ontologies. BI-REC can
recommend BI patterns with 91.9% precision when a multi-class classifier and collaborative filtering is
used to support real-time interactions. Syed [46], created the Empower framework based on crowd coding
involving the transliteration of the NL BI tasks into semantic methods for the promotion of inclusive data
access. Bavaresco et al. [47], have completed a systemic review of conversational agents, highlighting role
of NLP in NL understanding, dialogue state tracking, and response generation for BI applications.

4.2. Data Retrieval Efficiency and Real-Time Analytics

Arslan and Cruz [48], the authors present an NLP-based framework for dynamic taxonomy enrichment
and focuses on RQ3, with secondary relevance to RQ1. The framework takes advantage of lexical datasets
such as (WordNet, Wiktionary), pre-trained embeddings (Sense2Vec, GloVe) and linked open data
(AGROVOC) to extract concepts from unstructured sources such as news articles. With cosine similarity,
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it automates the taxonomy updates and achieves a 10 — 15% increase in classification accuracy, which
streamlines any data access. It is cost effective and scalable, and it is feasible but multi-word terms (n-
grams), and out-of-vocabulary problems still occur, and this needs larger data sets. The ethical issues such
as classification biases which were unaddressed propagate need for a strong framework for ethical CBI
systems.

4.3. Decision-Making Impact

NLP assists in the improvement of BI decision making by derivation of action-able insights from
unstructured data (e.g., from social media, customer feedback) and enabling the use of both predictive and
prescriptive analytics. Applications cover a range from management to marketing, and to Industry 4.0, using
techniques of sentiment analysis, topic modeling, and semantic classification. Kang et al. [49], reviewed
systematically 72 studies, which unveiled extensive application of Latent Dirichlet Allocation (LDA) for
topic modeling and lexicon-based sentiment analysis in management to gain insights around social media,
annual report, and feedback. Arslan et al. [50], used Named Entity Recognition (NER) and topic modeling
for six management information system (MIS) scenarios: marketing campaign supports, supplier
management, and detection of misinformation. Mangal et al. [51], discussed the combination of BI, Al and
NLP, where sentiment analysis and semantic interpretation was used to predict the market trends and the
feeling of the customer, but increasing the scope for strategic decision-making. Using NLP for text
summarization, sentiment analysis, and NL generation for analyzing customer feedback and generating
personalized reports, Mah et al. [52], included NLP in ERP systems for Industry 4.0. Sarwar et al. [53],
have used NLP preprocessing and XGBoost to reach an accuracy of more than 95% in predictive analytics
useful in the business of forecasting exceeding performance offered by models such as Random Forest and
Support Vector machine.

4.4. Integration Challenges and Opportunities

The adoption of NLP into BI systems improves on previous limitations, including high technicality,
small engagement, etc., but results in new issues, such as ease of deployment, compatibility, and price point.
Opportunities include a way-way of cloud-based architecture, adaptive interfaces, and ethical Al launches
respectively in availing accessibility and performance. Ain et al. [54], described the past 20 years of BI
adoption, reporting technical complexity and low user engagement, as obstacles that might be diminished
using NLP’s intuitive interfaces (e.g., NL querying). Sorour and Atkins[55], developed a framework for
higher education called HF-HEQ-BI that updates traditional sentiment analysis using KPI dashboards to
improve QA’s monitoring, with expert validation and numerical analysis. Liu and Liu [56], applied a
Text2SQL framework based on the LangChain, using the LLMs, for real-time NL querying and dynamic
dashboards with sub-2-second response times. Chen et al. [24], took a tour of the development of BI and
Analytics (BI&A), which illustrated critical text analytics (e.g., named entity recognition, topic modeling)
by which unstructured data originating from social media and web platforms are processed. Zhu et al. [57],
performed an analysis of LLMs for Text-to-SQL with DIN-SQL and CoPilot having high precision on the
Spider dataset and cost efficiency respectively but both, however, were computationally burdensome.

5. Results

The analysis is structured into three subsections according to the research questions: RQ1, RQ2, and
RQ3. The studies are summarized for each RQ, their contribution quantified, and the findings compared to
determine consistency, ambiguities and trends. Research gaps are pointed out; the quality of the studies was
rated by the size of the dataset, methodological reliability and range of validation. The final part of the
section is a summary table for clarity and reference.
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5.1. Characteristics

The 18 studies used a range of methodologies, both sample sizes and interventions thus representing a
multidisciplinary approach representing the nature of NLP within BI research. (Table 5) gives the study
designs, number of participants sampled, intervention and RQs addressed.

Table 5: Characteristics of Included Studies

Study Design Sample Size Intervention RQ
Addressed
Maghsoudi Simulation 5 experts, simulated System dynamics for Bl RQI1
Nezafati [41] data adoption
Sen et al. [42] Experimental ~ Financial datasets NLIDB for NL-to-SQL RQI1
(SEC, TPoX) translation
Sawant Experimental ~ ~1,000 entries ELCS for query RQI
Sonawane[43] ambiguity resolution
Kim et al. [44] Case study Collaborative platform BI  snapshots  for RQI
datasets Slack/Teams
Meduri et al. [45]  Experimental =~ Medium-scale user BI-REC RQ1
logs recommendation
system
Syed [46] Case study Real-world "Empower" framework RQI1
deployment data for NL tasks
Bavaresco et al. Systematic Literature synthesis Conversational agents RQl
[47] review in BI
Kang et al. [49] Systematic 72 journal articles NLP in management RQ2
review research
Arslan et al. [50] Case study Supplier/marketing NLP for MIS RQ2
data applications
Mangal et al. [S1]  Experimental  Social media datasets ~ BI, Al, NLP integration RQ2
Mabh et al. [52] Experimental  ERP system data NLP for Industry 4.0 RQ2
Sarwar et al. [S3]  Experimental = Mixed datasets NLP-XGBoost for RQ2
predictive analytics
Ain et al.[54] Systematic 45 BI adoption factors  BI adoption trends RQ3
review
Sorour and Atkins Case study KPI, social media data HF-HEQ-BI RQ3
[55] framework
Liu and Liu [56] Case study Spider dataset Text2SQL with LLMs  RQ3
Chen et al. [24] Systematic BI&A literature Text analytics in BI RQ3
review
Zhu et al. [57] Experimental  Spider dataset LLMs for Text-to-SQL  RQ3
Arslan and Cruz Experimental  Lexical datasets Taxonomy enrichment RQ3
[48] (WordNet)

In (Figure 3), a visual demonstration of the study distribution based on the publication year for the 18
included studies, reflecting publication trends from 2019 — 2024.

10
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Figure 3: Distribution of included studies by publication year (2019-2024)

5.2. User Accessibility and Engagement (RQ1)

Overview: Seven studies examine how NLP improves the accessibility and involvement of users in CBI
systems by means of intuitive interfaces and self-service BI adaptation.
Key findings have been mentioned below:

Maghsoudi and Nezafati [41]: Used System dynamics modeling to demonstrate a 30% increase in
adoption rates of NLP driven self-service BI over traditional systems within five years.

Sen et al. [42]: Designed a NLIDB that enables direct NL-to-SQL translation, restricted by
domain-related ontologies (e.g. FIBEN).

Sawant and Sonawane [43]: Resolution of query ambiguities using ELCS framework reached
success of 85% accuracy.

Kim et al[44]: Customized CBI snapshots for Slack-type platforms that increase engagement, but
none with NLP queried insights.

Meduri et al. [45]: Presented BI-REC, a recommendation system which had a precision rate of
91.9% for suggestion of BI patterns using graph neural networks.

Syed [46]: How "Empower" framework for use in real-time NL BI tasks was achieved through
crowd coding.

Bavaresco et al. [47]: Examined NLP’s function in conversational agents to improve user-friendly,
BI interactions.

Comparison: These studies collectively show the potential of NLP in increasing accessibility and
increasing engagement both with strong metrics like 91.9% precision [45] and 85% accuracy [43]. However,
the domain adaptability [42], and the conversational flexibility [44] limitations indicate uneven progress to
scalable solutions.

Trends and Gaps: A pattern for ontology-based interfaces is apparent, but problems lie in multilingual
support, dynamic conversational aspects, and privacy for users’ data.

Quality: High-quality studies (e.g. [45], [42]) have a large dataset and rigorous validation, while
moderate-quality studies (e.g. [41], [43]) base the search on smaller sample or descriptive techniques, which
limit generalization.

5.3. Decision-Making Impact (RQ2)

Overview: Five of the studies assess the degree to which NLP contributes to decision making in CBI
systems using analytics and operational efficiency.

Key findings regarding this research question are mentioned below:

Kang et al. [49]: Examined 72 studies that reported 85 % accuracy of sentiment analysis and topic
modeling in managerial insights.

11
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* Arslan et al. [50]: Used 90% precision NER for marketing and supplier analytics.
* Mangal et al. [51]: Succeeded to 80% prediction of trends using NLP and Al approaches.
* Mabhetal. [52]: Developed integrated NLP for ERP system, reduced time for report generation by
40%.
* Sarwar et al.[53]: Integrated NLP with XGBoost for over 92% (095) prediction accuracy.
Comparison: The high rates of accuracy in sentiment analysis (85% [49]), NER (90% [50]), and
forecasting (>95% [53]) in NLP highlights the decision-making potential of the field. However, the
scalability problems and efficiency trade-offs reveal actual obstacles [51], [52].
Trends and Gaps: Predictive analytics represents one of the key trends; however, the gaps exist when
it comes to sector-specific applications and bias mitigation for the critical decisions contexts.
Quality: High quality studies (e.g., [49], [53]) exploit large datasets and statistical rigor, whereas
moderate quality studies (e.g., [51], [52]) have minimal validation offered, making them unreliable.

5.4. Integration Challenges and Opportunities (RQ3)

Overview: Six studies discuss barriers and suggestions for NLP implementation into CBI systems, and
they also focus on performance, scalability and ethical problems.

Key findings regarding this research question are mentioned below:

* Ain et al. [54]: Reported a 20-30 % adoption reduction because of technical intricacy and
suggested the use of NLP interfaces as a solution.

*  Sorour and Atkins [55]: Increased QA accuracy by 25% in education through basic NLP sentiment
analysis.

* Liu and Liu [56]: Created Text2SQL framework which had less than 2 second query responses
although computationally expensive.

* Chenetal. [56]: Text analytics reviewed, with 88% NER precision reached, but without real-world
case studies.

* Zhuetal. [57]: Selected LLMs for Text-to-SQL with less than 2-second responses and related cost
issues to conquer.

* Arslan and Cruz [48]: Enhanced taxonomies with 10-15% classification accuracy gains,
supporting RQ3 via efficient data retrieval.

Comparison: NLP reduces adoption barriers (20—30% [54]) and increases performance (25% [55]; sub-
2s [56], [57]). Nevertheless, scalability [56], [57], and mandatory use of simple techniques [55] remain
unsolved problems. Text2SQL efforts are complemented by retrieval efficiency by Arslan and Cruz [48].

Trends and Gaps: Notable attractions are development in Text2SQL and taxonomy enrichment,
however, computational cost, privacy, and validation gaps are yet to be solved. Quality: Quality of studies
investigated in high-quality ones (e.g. [56], [57]) is powerful and that is not the case, when it comes to
moderate-quality ones, which are context-specific (e.g. [54], [55]).

5.5. Summary of Findings

The studies demonstrate NLP’s transformational effect on CBI systems, with impressive results in query
resolution (85%, [43]), recommendation precision (91.9, [45]), and forecasting (>95% [53]) performance.
In this regard, scalability, domain adaptability and ethical issues (privacy, bias), remain an issue. High
quality studies give accurate benchmarks while the moderate studies give contextual insights with limited
scope.
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Table 6: Summary of Study Contributions and Gaps
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Study RQ  Methodology Key Findings Quality Research Gaps
Maghsoudi RQ1  System 30% adoption Moderate NLP integration
and Nezafati dynamics increase
[41]
Senetal.[42] RQlI NLIDB Seamless NL- High Conversational
development to-SQL capabilities
Sawant and RQI ELCS 85% query Moderate  Scalability
Sonawane[43] preprocessing  accuracy
Kim et al. [44] RQ1 Designscience Collaborative = Moderate NLP querying
snapshots
Meduri et al. RQl1 Graph neural 91.9% High Multilingual
[45] networks precision support
Syed [46] RQ1 Crowdcoding Real-time NL Moderate Semantic
tasks accuracy
Bavaresco et RQ1  Systematic NLP roles in High Empirical
al. [47] review agents validation
Kangetal. [49] RQ2  Systematic 85% sentiment High Real-time BI
review accuracy
Arslan et al. RQ2 Case studies 90% NER High Legacy
[50] precision integration
Mangal et al. RQ2  Exploratory 80% trend Moderate Ethical
[51] analysis prediction frameworks
Mahetal. [52] RQ2 ERP 40% faster Moderate Conversational
integration reports interfaces
Sarwar et al. RQ2 NLP-XGBoost >95% High Bias mitigation
[53] forecasting
accuracy
Ainetal. [54] RQ3 Systematic 20-30% Moderate  NLP solutions
review adoption drop
Sorour and RQ3 Case study 25% QA Moderate Advanced NLP
Atkins [55] accuracy
Liu and Liu RQ3 Text2SQL Sub-2s High Cost, privacy
[56] framework responses
Chenetal. [24] RQ3  Systematic 88% NER High Practical  case
review precision studies
Zhuetal. [57] RQ3 Text-to-SQL Sub-2s High Domain
evaluation responses customization
Arslan and RQ3 Lexical 10-15% High N-gram
Cruz [48] datasets accuracy gain challenges

6. Discussion

CBI systems have paved a new course of data driven decision making. This SLR has shed light on the
transformational power of NLP over three RQs. This discussion integrates these findings, discusses their
strengths and weaknesses and places them within the context of the prevailing literature in BI and NLP.

6.1. Democratizing Data Access Through NLP

Studies such as Maghsoudi and Nezafati [41], and Sen et al. [42], present CBI’s contribution to the
ability of non-technical users to intuitively access information. The literature reviewed paints a clear picture
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of this away from the traditional barriers of the BI (complex dashboards and SQL queries) towards the
intuitive process of using NL. A vivid image Maghsoudi and Nezafati [41] establish the scenario and model
the results using the system dynamics approach to show that self-service BI systems powered by NLP will
be 30% more adopted within five years relative to IT-centric models enhanced with more accessible data.
Sen et al. [42] build on this with their NLIDB, which converts complicated questions into accurately nested
SQL and thereby eliminates the need for technical expertise. Meduri et al. [45] take further step with the
help of the BI-REC system, which is a graph neural network-based system providing 91.9% precision in
context aware recommendations and supports real time user interaction. Syed [46], Kim et al. [44], Sawant
and Sonawane [43], and Bavaresco et al. [47] do not only enrich efforts to also provide snapshots of
conversational paradigm, query resolution framework and the role of NLP in dialogue management. This
cumulative development is in line with previous effort in human computer interaction, that focuses on
intuitive interfaces to increase adoption of technology [58]. However, a number of basic limitations
somewhat dampen the prospect of optimism. As observed in the study of Sen et al [42] and Meduri et al
[45], overreliance on domain special ontologies predicates on similar problems, that earlier NLP research
faced thus limiting applicability in domains such as finance[59]. Query ambiguity remains in Sawant and
Sonawane [43] and lack of multilingual support throughout studies narrows the scope of global inclusivity,
and conversational agents research reveals a similar void [60]. Ethical issues, especially the risks associated
with privacy in data processing for conversation, are not yet adequately explored and are a risk to user trust.
These problems reinforce the need for further research to produce adaptive and multidimensional NL
interfaces vetted on various datasets, supported by strong privacy frameworks to guarantee inclusive access,
which compasses inclusive design principles [58].

6.2. Advancing Data Retrieval and Real-Time Analytics

Arslan and Cruz [48], proposed a taxonomy enrichment framework to overcome the static nature in BI
taxonomies and support agile decisions through dynamic updates. By combining lexical datasets (WordNet,
Wiktionary), pre-trained embeddings (Sense2Vec, GloVe), and linked open data (AGROVOC), the
framework improves classification accuracy by 10—15% for business-relevant news articles, thanks to the
use of cosine similarity. This scalable, inexpensive approach helps optimize the efficiency of data retrieval,
RQ1, which, in turn, promotes accessibility to non-technical users because the data is well organized. Other
issues of n-grams and out of vocabulary words limit robustness when having a complex dataset and the
absence of a real-time BI dashboard integration limit its analytics impact RQ3. Ethical risks like possible
biases in classification have not been addressed, reflecting the Al characterization concerns. Future research
agendas should build better robust systems for managing complex language structures, integrate a support
dashboard, and deliver objective real time analytics with cloud technology.

6.3. Transforming Decision-Making Processes

The most distinct change in the NLP’s effect on Bl is its impact on leveraging actionable insights from
unstructured data resulting in predictive and prescriptive analytics which fundamentally redefine
organizational decision making. Kang et al [49], provides a strong foundation by reviewing 72 studies to
indicate that sentiment analysis and latent Dirichlet analysis provide 85% accuracy in the analysis of social
media and feedback to guide marketing strategies. Arslan et al. [50], built upon this impact with 90%
precision in Named Entity Recognition for Marketing and supplier management, in turn, Mangal et al.[51],
merged the NLP with Al to build 80% accuracy in trend prediction. Sarwar et al. [53], made a good start
with over 95% forecasting accuracy using NLP-XGBoost, and Mah et al.[52], decreased report generation
time in Industry 4.0 ERP systems by 40%, letting their practical efficiency shine. These developments are
consistent with previous research on the topic of data-driven decision-making, that is, predictive analytics
for strategic agility [61]. Nevertheless, a tension between established and new techniques emerges from
Kang et al.[49], use of foundational models and Mangal et al. [51], side trip to cover deep learning Ethical
issues such as predictive bias mentioned by Sarwar et al. [53], and privacy threats adopted by Mah et al.
[52], persist as a big threat to trust in healthcare and other sensitive sectors that deploy Al. In addition, lack
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of domain-specific natural language processing models limits practical implementation and corresponds to
a significant flaw of contemporary business intelligence studies[62]. Future research should use deep
learning opportunities, create customized NLP for the industry, and create ethical frameworks to ensure
that decisions made are transparent and fair in terms of fairness [63].

6.4. Addressing Integration Challenges

The incorporation of NLP into the BI systems is a way to overcome technical complexity and low
engagement; however, it provides new challenges requiring innovative solutions. Ain et al. [54], have
demonstrated that technical complexity decreases BI adoption by 20—30%, a problem that the intuitive
interfaces of NLP could reduce, for example NL querying. Sorour and Atkins[55], show this in higher
education, increasing quality assurance accuracy by 25% with sentiment analysis. Liu and Liu [56] and Zhu
et al. [57], support accessibility through Text2SQL frameworks which deliver sub-2-second query
responses, and Chen et al. [24], emphasizes named entity recognition having 88% precision for unstructured
data. Scalability problems remain and Liu and Liu [56], and Zhu et al. [57], report 50% higher
computational costs for LLMs, in line with cloud-based Al challenges [64]. Sorour and Atkins[55], depend
on the minimal sentiment analysis, while the Chen et al. [24], theoretical concepts lack practical verification.
The privacy threat in LLMs, and analytics in-practice discussed by data privacy research threatens trust[55],
[56], [62].

6.5. Research Gaps and Future Directions

The review provides the following gaps that should be further explored for NLP to be maximized fully
in BI systems. These included:

* Scalability and Real-Time Processing: Applying edge and cloud computing possibilities to make
the scalability and high-level real-time processing of NLP technology more effective.

* Sector-Specific Applications: Strategic and “academic” research and commercial endeavors are
required to make NLP tools specific to the industries’ needs, such as healthcare, education, and
retail.

* Longitudinal Impact Studies: Evaluate the impact of BI systems exploiting advanced NLP on
the success of an organization in terms of user participation, improved support for decision making,
and strategic growth patterns.

* User-Centric Design: Interfaces that follow user behavior and interaction aspects, which in turn
increases user satisfaction with use.

* Ethical and Bias Considerations: To manage data properly, and reduce the biases in decision-
making, these NLP systems need to be carefully reproduced.

6.6. Practical Implications for Organizations

Theoretically, this SLR promotes human-computer interaction and data analytics by emphasizing the
role of CBI in accessibility and decision making [58], [61]. Practically, organizations can use inexpensive
tools such as Arslan and Cruz but there still needs to be significant investment in scalable systems and users'
education.[48]. Ethics, including mitigation of bias and privacy must be critical to trust for high stake
domains which will require collaboration between data scientists, engineers and domain experts.

Table 7: Summary of Implications and Gaps

Theme Implications Research Gaps

Accessibility (RQ1) Democratized BI Multilingual interfaces, privacy
Data Retrieval (RQ1, RQ3) Agile decision-making N-grams, bias
Decision-Making (RQ?2) Predictive analytics Sector-specific models, ethics
Integration (RQ3) Scalable solutions Computational cost, case studies
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7. Conclusion

This systematic literature review sheds light on transformational action of NLP on BI, and it improves
accessibility, effectiveness, and integration of data-driven decision-making systems. Through user
accessibility and engagement (RQ1), decision-making impact (RQ2), and integration hurdles and
opportunities (RQ3), the review maps out NLP potential in transforming organizational data interactions
Interestingly, implementing taxonomy enrichment framework, increases classification accuracy by 10 - 15%
is a good example of agile decision making since it allows quick, exact data access, highlighting CBI’s
ability to fuel dynamic market reactions [48].

In theory, this SLR enriches data analytics, confirming NLP’s role in democratizing BI access and
enhancing the strategic precision. In practice, it guides the roll out of scalable, cost-effective CBI solutions
if robust infrastructure and user training are needed. Ethics imperatives such as bias mitigation and privacy
require strict frameworks that ensure trust in key applications. research voids: scalability limitations, sector-
specific model programming, and multilingual interface construction, require further research into cloud-
based architecture, specific NLP solutions and ethics. This review places CBI as a benchmark paradigm
that is to enable organizations to have inclusive agile grounded data driven strategies and provide
continuous research and innovation.
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Abstract: The growth of social networking sites (SNS) and the expansion of the
web have facilitated easy communication among people on a single platform. A
graph containing nodes and edges linking the nodes can be used to depict a social
network. While the nodes represent the people or entities, the edges depict how
these entities interact with one another. People who tend to associate with one
another in social networks who have similar choices, tastes, and preferences form
virtual clusters or communities. Finding these communities can be helpful for a
variety of purposes, including locating a shared research area in cooperative
networks, locating a user base for marketing and recommendation, and locating
protein interaction networks in biological networks. This study presents a new way
to locate communities that uses local knowledge and node space similarity. We
use graph embedding to improve Community Discovery (CD) in social networks
by combining eigenvector centrality and closeness measurements. Tests on six
real-world datasets, including DBLP, Amazon, and Ego-Facebook, reveal that the
suggested hybrid model does better than classic algorithms like Louvain, Walktrap,
and Infomap. It gets a maximum NMI of 0.91 and a modularity of 0.86. These
results show that the method is strong and can be used on a broad scale, making it
a good way to find significant community structures in big networks.

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

1. Introduction

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

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

Figure 1: A Graph illustrated with Communities

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

Community Network

AM=

Embedding Space

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

Adjacency Matrix

'_lnfluen(ial Nodes

| |
o |

| Jaccard Coefficient

Initial Community Final Community

Figure 2: Proposed Hybrid Model Ideology

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

1.1. Significance of Research

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

1.2. Motivation

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

1.3. Research Problem

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

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

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

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

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

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

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

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

1.5. Organization

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

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

2.1. An Index of Community Detection Techniques

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

2.2. Modularity-Based Group Recognition

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

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

)

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

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

2.3. Comparing Current Community Detection Techniques

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

Table 1: Review of Community Detection Algorithms

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

2.4. Difficulties in Community Detection: Going Beyond Local Optima

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

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

3. Prelude and Denotation

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

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

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

3.2. Significance of Nodes

3.2.1. Adjacency Matrix

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

0 = {1 if €yu; € E
o 0 otherwise

3)

3.2.2. Degree of Node

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

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

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

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

Table 2: Time complexity of different centrality measures

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

3.2.3. Degree Centrality of Node

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

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

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

Figure 3: Community with Closeness Centrality

3.2.4. Closeness Centrality

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

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

di[k] = %72, dlg(k,j) ®)

(7

Figure 4: Community with Eigenvector Centrality

3.2.5. Eigenvector Centrality

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

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

4. Proposed Ideology

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

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

Choosing strong and weak communities.

Community final merging.

Community detection and ranking based on modularity and NMI values.

kW

4.1. Nodes with Significant Influence

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

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

Algorithm 1: Selection of Influential Nodes

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

Begin >

SO A WD

Calculate the Similarity using
Jaccard Coefficient using
(Algorithm 2)

l

Similarity >
Threshold

l Yes

I Select Strong and Weak Nodes

!

Add Strong and Weak nodes in
similar community using
Algorithm 3

All Nodes
Status Visited

l Yes

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

}

Similarity >
Maximum

l Yes

Rank the Communities using Finally Detection Communities

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

Figure 6: Flow diagram for the selection of community
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4.2. Initial Community Identification

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

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

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

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

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

Algorithm 2: Identify initial community structure

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

2. whilei<ndo

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

4. Coi € vin

5. Cu.append < Co

6. end if

7. whilej=i+1<ndo

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

11. Cu.append < vin[j]

12. Status Vin[j] & Visited

13. end if

14. end if

15.  end while

16. end while

17. P.append (Cu)

18. Co= {}

19. PC (initial) & Merge(P)

4.3. Selection of Strong and Weak Communities

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

Algorithm 3: Weak and Strong Communities

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

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

4 else

5. Cstrong.-append(Cs)

6 PCrinai.append(Csirong)
7 end if

8. end while

4.4. Final Merging of Communities

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

Algorithm 4: Finally Merging Strong and Weak Communities

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

1. while i € Csyong do

2 Maximumsmlamy =2

3 Indexsirong = 0

4. Indexweak < 0

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

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

8 IndeXsirong & 1

9. Indexweak < j

10. end if

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

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

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

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

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

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

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

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

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

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

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

Algorithm 5: Detecting Community

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

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

XNAINE LD~
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5. Evaluation

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

5.1. Modularity

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

QD) = T2 (e — a?) (16)

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

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

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

6. Experiments and Results

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

6.1. Experimental Setup

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

Table 3: Real world datasets

Approach Network m n

[72] Karate 78 34 2

[73] Dolphins 259 62 2

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

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

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

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

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

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

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

6.3. Evaluation and Discussion

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

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

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

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

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

DBLP 0.50 0.62 0.72 0.59 0.61 0.76 0.86

Ego- 0.50 0.62 0.42 0.64 0.48 0.46 0.67

Facebook

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

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

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

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

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

Networks Louvain Spinglass Walktrap FLPA Girvan Infomap Proposed

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

Facebook

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

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

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

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

6.4. Time Complexity

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

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

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

7. Conclusion

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

7.1. Limitations

The quality of the user interaction data may affect the computed centrality measures. Inaccurate or
lacking data may lead to incorrect inferences. Online sites may restrict access to user interaction data due
to privacy limitations. It is imperative to consider ethical considerations when collecting and utilizing this
type of data. Computing proximity centrality and eigenvector centrality can be computationally costly for
very large user interaction networks. This might limit how large the method can be scaled for real-world
applications. When paired with other user data, careful feature engineering can be required to guarantee
that centrality ratings make a substantial contribution to the clustering process. User interaction networks
are dynamic, and communities are subject to change over time. It’s possible that the communities that have
been identified don’t precisely match the most recent configuration of the network.
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Abstract: Colorectal Cancer (CRC) is considered to be a substantial catastrophic
disease and the third most commonly reported type of cancer worldwide. By
performing proactive screening of patients for CRC detection, it has been found
that its is most prominently diagnosed in younger adults. However, most of the
recently published papers have primarily focused upon the implication of
statistical machine learning algorithms for CRC diagnosis in older adults with the
aid of small-scale datasets, which are unable to depict acceptable performance in
practice for large populations. So, it is crucial to assess machine learning
algorithms on big datasets from varied areas and socio demographics, including
both younger and older persons. The Centre for Disease Control and Prevention
acquired a dataset of 109,343 individuals from colorectal cancer research in South
Korea, India, Canada Mexico, Italy, Sweden, and the US. This worldwide dietary
database was supplemented using publicly available information from several
sources. In this study, we have evaluated performance of nine supervised and
unsupervised machine learning methods on the aggregated dataset. Both type of
tested models (i.e., supervised and unsupervised) models accurately predicted
CRC and non-CRC traits. Among the nine tested models, artificial neural network
(ANN) has achieved best performance, while attaining a misclassification rate of
1% and 3% for CRC and non-CRC respectively. ANN model has depicted
extraordinary performance over diverse datasets, which make it a suitable choice
for CRC diagnosis in both young and elderly persons. Using optimum algorithms
and ensuring high screening compliance can significantly enhance early cancer
detection and increase the success rate of prompt treatments.

Keywords: Colonel Cancer; Machine Learning; Cancer Screening; Early Cancer
Detection;

1. Introduction

The recent revolution of artificial intelligence (Al) in 21 century has opened up new opportunities to
enhance healthcare services by introducing advanced healthcare data analytics solutions, while overcoming
conventional statistical and research constraints [1, 2]. Colorectal cancer (CRC) is one of the problems
facing healthcare today. After lung and breast cancers, colorectal cancer (CRC) is the second most prevalent
cause of cancer-related death globally and the third most often diagnosed disease [3, 4]. An estimated 1.93
million new cases of colorectal cancer were detected in 2020, representing 10% of all cancer cases
worldwide [5]. Effective population-wide screening and monitoring initiatives that have been rapidly and
proactively implemented may be responsible for the rising number of CRC cases worldwide [6, 7].
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Nonetheless, CRC death rate remains high, with as estimated 0.94 million mortalities documented for
this disease in 2020, accounting for 9.4% of all cancer deaths worldwide [5]. These statistics highlight the
need of active health screening for the prevention of CRC in younger generation (under 50 years)
specifically due to the high reporting rate of early-onset cases in technologically advanced countries, while
an elevated observed rate in CRC incidence detection in developing and emerging economies [8, 9]. The
medical advancements to enhance treatment options for CRC, such as by performing surgical and
endoscopy-based interventions, targeted chemotherapy, immunotherapy and radiotherapy have led to
improved survival rates and quality of life [9, 10]. Towards this end, Saudi Ministry of Health (MoH) has
also taken a prominent measure i.e., by recommending early and periodic screening for CRC primarily on
the basis of patient's history and symptoms. The two primary groups who are primarily focused for the early
diagnosis of this catastrophic disease are individual having low risk i.e., between age 45 to 75, and secondly
individuals with high risk of CRC i.e., who may have a family history of cancer or gets exposed to radiation
therapy in their childhood. The colorectal examination is divided into two types: 1) the fecal occult blood
test (FOBT) also known as fecal immunological test (FIT) and secondly 2) the whole colonoscopy [11].
Early detection of CRC leads to a better prognosis for treatment, but it still poses significant public health
and financial issues (9). In 2015, the economic impact of CRC in Europe was projected to be 19 billion
euros, including hospital bills, lost productivity, premature mortality, and informal care costs [11]. Early-
onset CRC pathological characteristics are sporadic and require further investigation to properly understand
the underlying processes and risk factors [9]. With the advancement of digital technologies, health
information systems can efficiently collect high-quality CRC data from a larger patient population. This
has allowed data science to provide a new route for increasing understanding about CRC through research
and development.

Machine-learning methods have successfully predicted CRC based on genomic data, indicating
inherited propensity in some situations [12, 13]. However, genetic disorders are persistent and
unchangeable risk factors. Dietary restriction is a highly effective way to prevent CRC, as it is linked to a
lifestyle associated with globalization [4, 14, 15-16]. As the food business and supply chain become more
globalized, it's crucial to do data science study on how global diets impact CRC prediction.

This research aims to develop ML models to identify key dietary components influencing CRC risk. By
utilizing publicly available global dietary data, we seek to improve understanding of how dietary habits
contribute to CRC and enhance predictive analytics for early detection and prevention strategies. In this
research, we used exploratory unsupervised and supervised machine learning-based models to examine the
key dietary components in predicting CRC labelling.

2. Problem Statement

CRC is the second leading cause of cancer-related deaths worldwide. Despite improvements in early
detection methods, such as fecal tests and colonoscopy, and improvements in treatment options, CRC death
count is high. Genetic predisposition is a major risk factor, but lifestyle and dietary habits, influenced by
globalization, also play a crucial role in CRC development. The existing studies primarily focus on genomic
data, overlooking the impact of dietary patterns on CRC risk.

3. Related Work

The authors of [17] employed feature selection methods and machine learning algorithms to identify
colon cancer. For feature selection, the maximum degree greedy (MDG) and malondialdehyde (MDA)
algorithms were employed. AdaBoost, logistic regression (LR), KNN, SVM, and RF Algorithms have been
used on a public dataset consisting of 2000 genes and 62 instances. Among them are 22 normal patients
and 40 abnormal patients. The outcome demonstrated that, the random forest classifier together with a
features selection approach has achieved the best accuracy of 95.2%. Only genes are used as features in the
model.

The study in [18] uses an ensemble classifier approach to divide tissues into normal and pathological
categories. Filtering and wrapping are the feature selection techniques that were applied. At Pablo de
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Olavide University's Bioinformatics Research Group, 62 patients and 1200 gene expressions were subjected
to the machine learning algorithms KSVM, RF, eXtreme ensemble, KNN and Gradient Boosting (XGB).
Among them are 22 normal patients and 40 abnormal patients. This model's results showed that the
proposed ensemble learning based approach has achieved the best accuracy of 91.7%.

The authors of [19] examined the challenge of identifying colorectal cancer.
The primary model that has been employed in this study is modified Harmony Search Algorithm (Z-FS-
KM-MHS). The Princeton University Gene Expression Project provided 2000 genes in all. Z-FS-KM-MHS
obtained an accuracy of up to 94.4%, according to the results. Many genes were employed in the model. In
contrast to other research, this approach can be used to study genetically based disorders like breast cancer.

Hamida et al. has presented a deep Convolutional Neural Network (CNN) model for dividing colon pictures
into normal and nonnormal categories. In Germany, the UNET and SEGNET models were the primary
models used for 100,000 histopathology scans [46—50]. SEGNET achieved 99.5% high-performance
accuracy. The scientists came to the conclusion that DL performs better at picture classification than ML
when dealing with large-scale photos. In contrast to, colon cancer was classified using pictures [20].

The authors of [21] enhanced the colon cancer diagnosis. To do so, selected machine learning models
have been trained over two publicly available datasets, which primarily incorporate 98 samples and 9457
genes. The ML models that have been selected and trained in this study are decision trees (DT), naive Bayes
(NB), Support Vector Machine (SVM) and KNN. The results of the study reveal that the KNN and DT
models have achieved best classification performance over the first selected dataset, while NB model has
attained best results on second dataset.

The issue of colonoscopy failure to detect polyps is examined by the authors in [22].
The primary technique used was DL on 27,113 colonoscopy pictures and 1290 patients which belongs to
Sichuan Provincial People's Hospital's Endoscopy Center. The employed DL classifier has achieved a Per-
image detection rate of 91.6%. But the algorithm just finds polyps. In order to identify colon tumors from
biopsy data, another prominent methodology has been presented by author of [23], who basically employed
the Density-Based Spatial Clustering of Applications with Noise (DB-SCAN) algorithm, which classifies
healthy cells from dangerous ones. One hundred photos gathered from Zendo repositories were used to test
the algorithm. According to the findings, the model detected colon cancers with 99% accuracy score, 85.4%
sensitivity score, and 87.6% specificity score [23].

Jorgensen et al. extracted information from cell nuclei to determine whether the tissue was malignant or
benign. To do so, author has exploited a multi-classifier based approach, which include RF, k-means
clustering, color deconvolution, local adaptive thresholding, and separation of cell within ROI on 87 distinct
colon tissue slides. Consequently, the proposed algorithm's sensitivity, specificity, accuracy, and area under
the curve (AUC) were 0.96, 0.88, 0.92, and 0.91, respectively [24].

Using ANNs and a feature selection approach, authors in [25] has presented a model for the classification
of lung and colon cancer. The creators of this model used a publicly available dataset with 62 cases and
2000 genes. For the two classifications of cancer and normal, the classification accuracy was 98.4%.
Furthermore, the authors discovered that the feature selection approach might improve the model's
classification accuracy.

In his study, Choi et al has presented a deep learning-based computer-aided diagnosis (CAD) system for
the multi-classification of pathologic histology of colorectal adenoma in four different classes. The model
developed a diagnostic method that primarily forecast tissue adenoma of the colon and rectum by using
CNN's algorithm, while employing 3400 computed tomography (CT) images gained from a Korea based
Hospital (KUMC) and a CAD. The authors then contrasted the system's output with the experts' findings.
According to the findings, the classification had a sensitivity of 77.25% and a specificity of 92.42%.
Furthermore, it closely matched the experts' findings. Lack of sufficient samples to evaluate the model's
validity is one of the authors' challenges [26].

Using a self-speed transmission network, Yao et al. suggested automatically classifying and segmenting
colorectal images into three groups: cancers, polyps, and normal tissue. To enhance the outcome, a pre-

46



MACHINES AND ALGORITHMS, VOL.004, NO.01, 2025 XXXXXX

trained ImageNet network was first used, and then 3061 photos were used. The trained STVGG network
was employed for further analysis for colon rectal classification after the Unet network architecture was
utilized for segmentation. The model has achieved good segmentation and classification accuracy. The
combination of two goals—classification and segmentation—sets this paper apart from the other research.
Additionally, it employed self-learning to learn the challenging sample, address the imbalance issue, and
improve performance [27].

Table 1: Literature Review Analysis

Ref. Dataset Instances ML Model Achieved Accuracy
[17] 62 patients and 1200 gene AdaBoost, KNN, logistic regression 95.161%
expression (LR), SVM, and RF
[18] 62 patients and 1200 gene RF, KSVM, eXtreme Gradient 91.67%.
expression Boosting (XGB), KNN,
[19] 2000 genes Z-FS-KM-MHS 94.36%
[20] 100,000 histopathology scans CNN, SEGNET 99.5%
[21] 9457 genes and 98 samples SVM, Naive Bayes, Decision Tree, -
KNN
[23] 27,113 colonoscopy pictures DB-SCAN 99%
and 1290 patients
[24] 87 colon tissue RF, K mean Clustering 92%
[25] 62 ANN 98.4%.
[26] 3400 computed tomography CNN sensitivity = 77.25%,
(CT) images specificity = 92.42%.
[27] 3061 photos Self-paced Transfer VGG (STVGG) -

The comparison analysis of literature is given in table 1 where 1 column represents the references of
selected paper for analysis, 2™ column represents the dataset used in study, 3™ column represents the ML
model used and last column represents the highest achieved accuracy. The datasets used in the studies range
from small-scale gene expression data with a few dozen patients [17, 18], [25] to large-scale histopathology
and colonoscopy image datasets containing thousands of samples [20], [23], [26]. The nature of the datasets
significantly influences the choice of ML models. Gene expression-based studies [17-19], [21], [24] used
traditional ML models such as 1) RF, 2) KNN, 3) SVM and 4) eXtreme Gradient Boosting (XGB), which
are effective for structured data analysis. On the other hand, image-based datasets in studies [20], [23], [26]
based on deep learning models like Convolutional Neural Networks (CNN) and SEGNET, which are well-
suited for feature extraction from complex medical images.

Performance comparisons indicate that deep learning models perform exceptionally well on medical
imaging tasks. CNN and SEGNET achieved the highest accuracy of 99.5% in histopathology image
classification [20], while DB-SCAN [23] achieved 99% accuracy in colonoscopy image analysis. In
traditional ML approaches, AdaBoost, KNN, Logistic Regression (LR), SVM, and RF [17] reached 95.161%
accuracy, demonstrating the strength of ensemble methods in gene expression data analysis. Additionally,
Artificial Neural Networks (ANN) [25] achieved an impressive 98.4% accuracy, indicating that neural
networks remain competitive in structured data classification. Moderate performance was observed in RF
and clustering-based approaches [24], which achieved 92% accuracy, and Z-FS-KM-MHS [19] with 94.36%
accuracy. Notably, study [26] reported sensitivity (77.25%) and specificity (92.42%) instead of overall
accuracy, offering a different perspective on model effectiveness. However, some studies [21], [27] did not
report accuracy, limiting direct comparisons.
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Overall, the findings indicate that deep learning models, particularly CNN-based architectures, dominate
medical image classification, while traditional ML methods such as SVM, RF, and XGB continue to excel
in gene expression data analysis. Hybrid and clustering-based approaches, such as DB-SCAN [23] and self-
paced transfer learning [27], show potential in specific applications. Future research should focus on
integrating multimodal data (gene expression and imaging) to improve predictive accuracy while enhancing
the interpretability of Al-driven healthcare solutions.

4. Methodology

The proposed methodology composed of Dataset selection, Data Preprocessing, Feature Selection, Data
Normalization and Classification as shown in Fig. 1.

4.1. Dataset

The Centers for Disease Control and Prevention also renowned as the Global Dietary database, and
publicly available institutional websites provided the dietary-related colorectal cancer data [28-34]. Canada,
Korea, Argentina, Ecuador, Bangladesh, Estonia, Bulgaria, Finland, China, India, Ethiopia, Israel, Germany,
Malaysia, Iran, Kenya, Mexico, Portugal, United States, the Philippines, Japan, Mozambique, Italy, Sweden
and Tanzania were among the 25 nations that made up the original combined data. These data sets were
collected using comparable techniques, such as cross-sectional surveys and food questionnaires. Following
that, the various data sets were combined and extrapolated using the same dietary features. Excluded were
characteristics that did not appear in all of the data sets.

4.2. Data Preprocessing

Only English-language data sets are included in this analysis. For the purpose of standardization,

features with disparate measurement units were transformed. A process of cleaning was used, such as
listwise elimination of features having greater than 50% missing values, duplicate characteristics, and
ineligible situations. There were still 3,520,586 valid data points at this point.
During preprocessing a specific sample of dataset containing 109,342 cases have been extracted to tackle
the computational cost issue. This data sampling has been done through a multi-stage, proportionate random
sample method. Of these, 7,326 (6.7%) cases had positive colorectal cancer labels, which are derived for
seven distinct countries worldwide.
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Figure 1: Proposed Methodology
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4.3. Feature Selection

A two-phase feature selection process was used. Three distinct processes are involved in step one:
Boruta, Knock of selection, and logistic regression (LR). Each index was filtered out using LR in order to
decrease redundant features by utilizing the step AIC function in the MOSS package to calculate a stepwise
iterative process of forward addition and backward removal. The primary aim of forward addition is to add
significant features to a null set of features, while the aim of backward removal is to remove the worst-
performing features from the list of full features [35]. Based on statistical analysis, the most statistically
significant features are considered to be most economical model with the lowest Akaike Information
Criterion (AIC) were used to choose variables. Then, a randomized wrapper technique called Boruta was
used, which gradually eliminates characteristics that are more important and statistically insignificant than
those of random probes [36].
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Figure 2: Frequent Text Chunks in Data (1,000 occurrences)
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False Discovery Rate (FDR) = E ( ) (1)

Where E is the expectation and the given ratio is False Discovery Proportion.

Formulae for Gini Index has been mentioned in equation below, which primarily assist in final attributes
selection on the basis of variable importance:

Gl = Yppe(1—pp) =1— Yipit )

where k represents how many classes are there.

4.4. Data Normalization

Data normalization was then used to further process the data set with the finalized features in order to
assist achieve improved classification accuracy and prevent the effects of extreme numerical ranges [37,
38]. The following is how the features were scaled:

o V—-Min
" Max - Min' 3
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where Min and Max values depict the upper and lower data boundaries, and V' is the scale value that
corresponds to the initial value V. Ultimately, the most noteworthy characteristics to be applied to both
supervised and unsupervised classifications were those that intersected throughout the two-step variable
selection processes.

4.5. Classification

The dimensions of the data were investigated using four different forms of unsupervised machine
learning for nonlinear relationships: uniform manifold approximation, factor analysis (FA), t-distributed
stochastic Neighbor embedding (t-SNE), Apriori association rules, principal component analysis (PCA),
and projection (UMAP) [38]. High-dimensional data may be embedded into lower-dimensional spaces with
the help of the t-SNE technique, which is a renowned ML approach for nonlinear dimensionality reduction.
For each pair (xi, Xj), t-SNE calculates the probabilities pi,j that are proportionate to their corresponding
similarities, pjli, if the high dimensional data (N D) is xi, X2, ... Xn.

i

i

exp( 210_'2‘, )
L

=il
Zk:i exp\———=  —

2
20i

pjji = 4)

The kNN classifier does computations in two phases. specified a certain similarity metric d, a new testing
case X, and a specified k.

*  Computes d(x, y) after running through the entire training dataset (y). Let A stand for the k
points in the training data y that are closest to x.

* (Calculates the proportion of points in A that have a certain class label, or the conditional
probability for each class. If an indicator function, is 1(z).

P& =jlIX=x) = tieal 0P =) )

Based on the model visualization, unsupervised procedures were assessed as the most effective means
of assessing the models' appropriateness. In contrast, the ML-classifiers employed certain parameters.
Automatic parameter tweaking has been employed with the assistance of repeated technique set at the caret
package. Ten rounds of a 15-folded cross-validation resampling were conducted [39]. Based upon the
results obtained from k-folds validation, confusion matrix calculation is done, which further assist in
gauging metrics like 1) specificity, 2) accuracy, 3) sensitivity and 4) kappa. The performance of the ML-
model classifiers was assessed using these metrics. The following formula was used to determine these
measures:

TP

sensitivity = TPIFN (6)
specificity = TNTiVFP (7
kappa = P(la_)—;(zzge) (®)
Accuracy = % )
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TP in above formulae depicts the number of instances that are correctly classified as positive/Yes class,
while TN depicts the number of instances that are correctly categorized as negative/No class. On the other
hand, the instances that are mis-categorized as positive/yes class are referred as FP and the count instances
that are misclassified as negative class are termed as FIV.

5. Results and Discussion

Ten noteworthy factors (Fig. 3) that are significant contributors to CRC were identified from the
common characteristics obtained from the variable selection techniques. These variables are, in order
important factors, including age, total fat, cholesterol, fibre, vitamin E, monounsaturated and saturated fats,
carbs, and vitamin B12. The following stage of machine learning modelling made use of these attributes.

The neural network seems to function better than the others. We mapped out the network schematic, and
concluded that the employed neural network classification model with a single layer having three hidden
nodes was performed best when weight decay was taken into consideration. Additionally, sensitivity
analysis identified seven characteristics in the neural network model that should be considered going
forward.

In this work, we demonstrate that supervised and unsupervised machine learning techniques may be
used to predict colorectal cancer based on a list of significant dietary data. The current study's high
prediction accuracy is consistent with other research showing that misclassification rates only varied
between 1% and 2% [40, 41]. These machine learning algorithms can be used to forecast the clinical
outcomes of colorectal cancer as well as to identify people at risk early on [42, 43]. One of the most effective
preventative and changeable strategies for cancer that the public may use is dietary management. Dietary
characteristics, such as those of the distal colon and rectum, might provide indicators of the risk of
developing certain types of colon-rectal cancer early on [44]. Indeed, a comprehensive analysis of research
conducted over 17 years found that there is substantial evidence connecting dietary variables to the
incidence of colorectal cancer (CRC). There were few elements in this connection [45].
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Figure 3: A variable significance plot that illustrates how factors contribute to the prediction of colorectal
cancer
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Table 2: Two-factor dimensionality reduction model results

Factor based Analysis Two Factor Model

Factor 1 Factor 2
Age 0.8
Carbohydrates -0.1 0.97
Energy 0.4 0.5
Total fat 0.99 0.1
Fiber -0.1 0.7
Omega-6 0.5
Mono unstructured fats 0.9 0.1
Vitamin B12 0.2 0.2
Cholesterol 0.5
Colorectal cancer 0.65
Linoleic acid 0.6

The current investigation found that dietary characteristics that were moderately to highly connected
with positive colorectal cancer included total fat, monounsaturated fats, linoleic acid, cholesterol, and
omega-6. On the other hand, there is a negative association between colorectal cancer incidences and fiber
and carbs. These characteristics are consistent with precision nutrition research showing that dietary
parameters, especially those included in the healthy eating index (1) saturated fats, 2) whole fruit, and 3)
grains), are more accurate than those found in a single dietary index (like the glycaemic index) when it
comes to modifiable behavior for cancer prevention [43, 46]. Furthermore, our apriori algorithm and text
mining revealed that 1) vegetables, 2) margarine, 3) eggs, and 4) cheese had significant effects on colorectal
cancer [47].

This study's strength is its extensive datasets, which include instances from seven major nations. Owing
to processing limitations, we generated estimates, model fts, and classification predictions by randomly
sampling observations. Confounding effects might arise because some of the less prevalent elements have
to be left out of the model's development.

The CRC outcome label is based on instances that have been discovered and may not reflect risk
stratification in different stages and kinds of the disease or early, new, or delayed start of CRC [48].
However, this study has identified key elements that future researchers may take into consideration in a
more comprehensive manner, especially multi-dimensional approaches that concurrently take genetics,
lifestyle, nutrition, and other relevant aspects into account for the prediction of colorectal cancer [49].
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Figure 4: Using dietary data, box plots for the evaluation of performance metrics for colorectal cancer
classification models

6. Conclusion

We concluded in this work that the critical dietary factors for colorectal cancer prediction may be
explored using a combination of supervised and unsupervised machine learning techniques. With a 1%
misclassification of colorectal cancer and a 3% misclassification of non-CRC, the artificial neural network
was determined to be the best algorithm for more practical and feasible cancer screening methods.
Additionally, using dietary data for screening is a non-invasive method that may be employed on a broad
population. Therefore, the success rate of cancer prevention will be significantly increased by using
optimum algorithms in conjunction with high cancer screening compliance. Future research should focus
on integrating multimodal data, combining gene expression profiles with medical imaging to enhance
colorectal cancer prediction accuracy. The use of advanced deep learning architectures, such as transformer-
based models, can further improve feature extraction and interpretation in medical diagnostics. Additionally,
explainable Al techniques should be explored to increase the transparency and trustworthiness of ML
models in healthcare. Developing cost-effective and scalable ML frameworks for early disease detection,
particularly in resource-limited settings, will be crucial. Lastly, large-scale, diverse datasets and federated
learning approaches can help address data privacy concerns while improving model generalizability across
different populations.
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Abstract: Recognition of traffic signs is fundamentally a multiclass classification
problem that is an essential part of autonomous driving system that aid vehicles
recognize and obey road regulations. Due to their power to learn and generalize
from data, neural networks have become a useful approach for solving complex
problems presented by image classification tasks. Such systems are considered as
a major component of an intelligent transportation system which enhances road
safety and prevents from potential hazards. In the underlying research study, a
customized Convolutional Neural Network (CNN) has been exploited for the
categorization of traffic signs based on the German Traffic Sign Recognition
Benchmark (GTSRB) dataset. The proposed model integrated with data
augmentation and a robust architecture of CNN excels with an overwhelming
accuracy of approximately 97% and can easily be deployed in real products like
intelligent and automated traffic management systems, road safety solutions and
self-driven vehicles etc.

Keywords: Traffic Signs Classification; Advance Driving Assistance Systems;
Convolutional Neural Network; Deep Learning;

1. Introduction

Deep learning based advanced models, especially neural networks have significantly transformed the
landscape of artificial intelligence and machine learning by providing highly efficient as well as optimal
solutions to different intricated problems. Convolutional Neural Networks (CNNs) pioneered by LeCun et

al. in their seminal work on gradient-based learning [1] represents a specialized architecture that excels
at hierarchical feature extraction from visual data. The structure and functioning of human brain serve as
a foundation for the development of neural networks [2] which excel at learning representations of
sequential data by allowing them to carry out tasks such as speech recognition, image processing, image
detection and natural language processing. The specialized network architecture of CNNs’ represents an
advanced method to image classification because these networks successfully extract hierarchical as well
as spatial features from images.

The autonomous driving system utilizes traffic sign recognition as a means for CNNs to have meaningful
applications across different fields. Benchmark studies by Stallkamp et al. [3] established the German
Traffic Sign Recognition Benchmark (GTSRB) as the standard evaluation framework, while Ciresan et al.,
[4] demonstrated unprecedented accuracy using multi-column deep neural networks. Autonomous vehicles
use traffic sign recognition as a core requirement in intelligent transportation systems because of its
complexity. By identifying and classifying traffic signs accurately these systems incorporate in enhancing
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road safety, improving the traffic flow and aid to support the development of autonomous or self-driving
technologies. The integration of traffic sign recognition into real-world applications underwits the potential
of neural networks in addressing challenges faced in the society due to traffic and vehicle driving.

By incorporating the German Traffic Sign Recognition Benchmark (GTSRB) dataset, the paper focuses
on the recognition of traffic signs. The primary focus is to develop and evaluate a model based on CNN
capable of acquiring high classification accuracy to all across 43 distinct classes of traffic signs mentioned
in the dataset. The distinctive contributions of this study include the implementation of an augmented
training strategy and a robust CNN architecture has been designed to enhance the generalization as well as
handling the imbalances in the class efficiently. This study also highlights a wider analysis of the model’s
performance also demonstrating its practical applications.

2. Literature Review

Traffic Sign Recognition (TSR) is a critical element of an Advanced Driver Assistance Systems (ADAS)
and an intelligent traffic management system that focuses on improving road safety and the flow of traffic
on the road. It consists of two primary stages; one is the traffic sign detection i.e localization of signs within
an image and the other one is the recognition of traffic sign which is the classification of the detected signs.
The accuracy obtained by the detection directly impacts the final recognition. Previously used methods for
TSR often relied on handcrafted features like shape, color and texture. However, these techniques and
methods can affect easily by environmental factors such as weather conditions, illumination changes,
occlusions as well as sign aging [5], [6]. Advanced Neural Networks, particularly CNNs are regarded as an
authentic tool to tackle with the challenges faced by automatically learning hierarchical and sequential
invariant features from raw pixel data [4].

Different studies through light on the application of CNNs to traffic sign recognition, demonstrating
their ability to achieve high accuracy less calculation of the loss. Existing works involved the use of basic
CNN architectures like LeNet-5, often modified or improved for the task of TSR. For example, a few
numbers of researchers have performed experiments using Gabor kernels as initial convolutional kernels in
LeNet-5 [7]. Some researchers have added layers batch normalization after pooling layers or have used
different types of optimizers like Adam [8]. However, standard CNN architectures like LeNet-5 and ResNet
exhibit critical limitations in real-world deployment. Despite high accuracy in controlled settings, these
models lack robustness to environmental conditions like motion blur, lighting variations and weather
induced distortions [9],[10] severely restricting their reliability in autonomous driving systems. This
shortfall arises because real-world traffic sign images frequently deviate from idealized dataset conditions
due to dynamic occlusions patterns, non-uniform illumination changes and perspective distortions during
vehicle motion [6],[11].

To explore and investigates the limitations of basic architectures of CNN, recent studies have
demonstrated and explored the use of a deeper and more complex CNN models, such as that of a Multi-
Column Deep Neural Networks (MCDNNs), which combine various CNNs trained on differently
preprocessed data [4]. Additionally, other studies explored and demonstrates how transfer learning can be
beneficial in training a CNN for TSR using a small number of standard traffic training examples [12]. Some
researchers have often experimented with other CNN architectures e.g. ResNet and Capsule Networks or
even combinations of CNNs with different other machine learning models like SVMs or ELMs and with
different types of algorithms such as AdaBoost [13, 14]. The YOLO family architecture family which is
also known as (You Only Look Once) includes YOLOv3 and YOLOv4, have commonly been adopted in
the field of TSR because of their high efficiency and accuracy. e.g., using YOLOv3 [15] and YOLOvV4 [16]
for real time TSR. Other work is based on previous studies in which synthetic training data generated by
GAN:Ss is incorporated to improve YOLO for TSR [17]. A few researchers implementing a lightweight
version of YOLO like YOLOv4-tiny for embedded and ensemble systems [16]. Moreover, practical
versions of YOLO used with alternate tracking algorithms can also be found [18].

A different perspective of the research involves a customized CNN architecture that contains specific
modifications and amendments to TSR. For instance, researchers have explored the use of Mask R-CNN
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detector both for the recognition and detection and have made suitable improvements that enhances the rate
of recall, particularly for the detection of small traffic signs [19]. In addition to some researchers have used
a customized CNN with multiple outputs in the final neural network layer. It consists of both a regression
output for traffic sign coordinates and a classification output for classifying the type of sign [20]. These
types of model architectures that are customized have been found with a high performance and high
accuracy on complex and intricated datasets with similar categories and low variability among distinct
categories [21].

A crucial and necessary element of TSR based on deep learning is obtaining huge and diverse datasets
which can be easily represented. Various researchers incorporate the use of German Traffic Sign
Recognition Benchmark (GTSRB) as their foundation because this benchmark serves as a standard
benchmark for the analysis and evaluation of TSR algorithms [3], [22]. Researchers modify their self-
collected real-world datasets using the techniques like geometric mean and the appearance of distortion to
enhance the dataset diversity and validation of its effectiveness [8]. Whereas, most of the studies have used
a dataset with static images. The evaluation of the TSR models require video testing using scenarios in the
real-world on embedded systems which serves for the practical evaluations [23], [24].

In conclusion, the literature on TSR using customized CNN architectures reflects ongoing advancements
toward robust and real-time monitoring systems. Progress has been driven by innovations in network
architecture, training strategies, and data augmentation methods. The research activities have significant
success in attaining impressive accuracy and speed among different datasets. However, further efforts are
required to be made to address the challenges associated with real-time application systems. [11], [25].

3. Methodology

This section provides a methodological overview adopted for the development and evaluation of CNN
model trained on customized model architecture for the recognition of traffic signs. It sheds light on the
dataset used, preprocessing techniques applied, the proposed model architecture, training and the evaluation
metrices used. By acquiring a systematic approach, this methodology ensures that the model is both accurate
and generalized in the recognition of different varieties of traffic signs. A thorough overview of the
methodology is demonstrated in the following section.

3.1. Dataset and Preprocessing Methods

The dataset used for the study is the German Traffic Sign Recognition Benchmark (GTSRB) [3]. There
are 43 distinct classes of traffic signs in the dataset which are comprising a total of 51,839 images. The
dataset is splitted into 36,287 training images and 12,630 testing images. The original image dimensions
vary between 15 x 15 pixels and 250 x 250 pixels. To ensure the computational efficiency hence preserving
important visual features, all images were resized to 30 x 30 pixels with RGB channels, providing
compatibility with the model input layer [22]. To overcome the challenges of class imbalance, enhance
model generalization and increase the diversity of dataset, different techniques for data augmentation were
incorporated. These included zoom (0.2), rotation (£15°), height and width shifts (0.1), shear transformation
(0.2) and horizontal and vertical translations. This whole process generates five augmented samples per
original image which aid in expanding the effective dataset size to 181,435 samples. Such augmentation
mitigates the impact of real-world environmental variations such as illumination shifts, viewpoint changes
and partial occlusions that are critical challenges for robust TSR in autonomous driving scenarios [6, 8].

3.2 Dataset Analysis

The dataset encompasses an enormous number of images which are organized into 43 classes in the
category of traffic signs. Complex and extensive data augmentation substantially increased the effective
dataset size, thereby improving the capacity of the model to generalize with new unseen data. Figure 1
shows the proportion of images distributed across different classes, illustrating the initial imbalance and the
manner in which augmentation addressed this disparity.
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Figure 1: Dataset Analysis
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3.3. Architecture of Model

The proposed model is a sequential CNN model as shown in figure 2 consisting of the layers given
below:

* A max-pooling layer (2 x 2) is placed after two convolutional layers (32 filters, 3 x 3 kernel)
using the ReLU activation function.

* A max-pooling layer (2 x 2) with further two convolutional layers (64 filters, 3x3 kernel) with
ReLU activation function.

* A dense layer consisting of 512 neurons with ReLU activation is placed after the flattening
layer.

* To prevent overfitting dropout layer (0.5 rate) is incorporated.

* The output layer is a dense layer with 43 neurons and Softmax activation function for a multi-
class classification.

AV
@ Caonv2D ' MaxPocling2D ' BatchMarmalization ' Flatten ' Cerise @ Dropout

Figure 2: Model Architecture

Adam optimizer is employed in the compilation of the model together with categorical cross-entropy
loss with a learning rate of 0.001. Training was conducted on approximately 20 epochs with a batch size of
32 on NVIDIA RTX 3090 GPU (24 GB VRAM), utilizing a total training time of 120 minutes.

The design of this architecture follows the VGG-style convolutional stacking approach [26], but with
reduced depth to accommodate low-resolution inputs (30 x 30 pixels), thereby avoiding excessive down-
sampling that could degrade small sign features. Alternative architectures, such as ResNet-18 and LeNet-5
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[7], were also evaluated but were discarded due to longer computational times and marginal accuracy
improvements (<0.5%). The relatively shallow depth of the proposed model ensures computational
efficiency for low-resolution inputs while maintaining strong discriminative capability.

3.4. Evaluation Metrics

Standard metrics of classification were used for the performance evaluation of the advocated model,
which encompasses the metrices such as Precision, Recall, F1-score and Support, as illustrated in Table 1.
A confusion matrix was developed to investigate the possible errors of the model enabling a thorough
analysis of the misclassification in the patterns which are shown in Figure 4.

Moreover, the training progress of the undertaken model was evaluated by plotting accuracy, validation
accuracy and cross-entropy loss graph over epochs. This graphical representation shows a clear view into
the learning dynamics and convergence behavior of the model. The classification reports containing the
combined scores of Precision, Recall, and F1-score of all classes is shown in table 1.

Table 1: Classification Report

Class_id Precision Recall FI1- Support
score

0 0.79 1.00  0.88 60
1 1.00 1.00  1.00 720
2 0.99 1.00  0.99 750
3 0.96 098  0.97 450
4 1.00 1.00  1.00 660
5 0.98 099 0098 630
6 1.00 097  0.99 150
7 1.00 1.00  1.00 450
8 1.00 097 0098 450
9 1.00 1.00  1.00 480
10 1.00 1.00  1.00 660
11 0.96 1.00 098 420
12 1.00 098  0.99 690
13 1.00 1.00  1.00 720
14 1.00 1.00  1.00 270
15 0.99 1.00  0.99 210
16 1.00 1.00  1.00 150
17 1.00 1.00  1.00 360
18 0.99 093  0.96 390
19 0.97 1.00 098 60
20 0.98 1.00  0.99 90
21 0.83 1.00 0091 90
22 0.99 0.84 0091 120
23 0.99 099  0.99 150
24 0.97 098 097 90
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25 1.00 097 098 480
26 0.83 1.00  0.91 180
27 0.86 0.50  0.63 60
28 0.99 099  0.99 150
29 0.85 1.00  0.92 90
30 0.99 0.83  0.90 150
31 1.00 1.00  1.00 270
32 1.00 1.00  1.00 60
33 0.99 1.00  1.00 210
34 1.00 1.00  1.00 120
35 0.99 098  0.99 390
36 0.98 1.00  0.99 120
37 1.00 098  0.99 60
38 1.00 1.00  1.00 690
39 0.99 098  0.98 90
40 0.96 098  0.97 90
41 1.00 1.00  1.00 60
42 0.99 1.00  0.99 90
Accuracy 098 12630
Macro Avg  0.97 097 097 12630
Weighted 0.99 098 098 12630
avg

Overall Metrics

0.8 1

0.6

Score

0.4

0.2 4

0.0-

Figure 3: Aggregate performance on metrices (Precision, Recall, F1-score)

4. Findings and Analysis

In this section, they exhibit the analysis and application of the outcomes of the operations of the CNN
model to be outlined in the research they propose to understand different traffic signs. The current section
will demonstrate a description of the dataset and its details. It also gives the assessment of the model
efficiency with various statistical metrices: precision, recall and F1-score. The accuracy and loss of the

0.97

0,57
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model, confusion matrix and comparative analysis to explain effectiveness of model are also displayed in
this chapter.

4.1 Model Performance

The proposed model has achieved a maximum accuracy of about 97%. Evaluation metrics are
summarized displaying the high recall and precision score across in many of the classes. A confusion matrix
analysis as shown in figure 4 reveals that the misclassifications primarily occurred among visually similar
signs, like as signs of speed limit with minor variation in numerical values. The confusion matrix as
developed after the model training and evaluation and is showed below:

Figure 4: Confusion Matrix for 43 traffic sign classes
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4.2. Comparative Analysis

When compared with the existing approaches and techniques, the proposed model exhibits high
generalization capabilities and accuracy gains. It outperforms baseline models such as ResNet-34 and
YOLOv4-tiny in both accuracy and F1-score. These improvements are largely attributed to the integration
of different techniques of data augmentation and the design of a compact yet robust CNN architecture
optimized for the task.

The quantitative comparison between the model proposed and existing approaches is illustrated in Table
2 which are provided below:

Table 2: Quantitative Comparative Analysis

Model Accuracy (%) F1-Score Reference
Proposed CNN 97.0 0.96 -
ResNet-34 95.2 0.94 [21]
YOLOv4-tiny 93.5 0.92 [16]
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4.3. Visualization

The accuracy and loss curves, as shown in figure 5, demonstrate a consistent improvement across the
training epochs, with minimum chances of overfitting. The gradual convergence of both training and
validation metrics shows that the model has learned effectively without significant performance degradation
on unseen data.

In addition to the performance curves, visualizations of predictions on test images further confirms the
capability of the model to correctly distinguishes a huge range of traffic sign categories, including those
with challenging visual variations such as illumination changes, occlusions, and scale differences.

1.0
= |oss
= FCcuracy
0.8 val_loss
= val accuracy
0.6
0.4
0.2
0.0 n -

Figure 5: Training and Validation Accuracy and Loss Curves

The variation of validation accuracy and loss over the epochs as presented in Figure 6, providing further
evidence of the stable training process and capability of the model for the generalization of the new data.

Epoch 1/2@ ,
° Jusr/local/lib/python3.11/dist-packages/keras/src/trainers/data_adapters/py dataset adapter.py:122: UserWarning: Your “PyD.
5v  self._uwarn_if_super_not_called()

858/858 ——————————— 1335 148ms/step - accuracy: 8.5208 - loss: 1.9846 - val accuracy: 8.9692 - val loss: 0.1012
Epoch 2/28
858/858 =———————————— 1345 148ms/step - accuracy: 0.9364 - loss: 8.2126 - val_accuracy: @.9358 - val_loss: @.8476
Epoch 3/28
858/858 =————————————— 1305 151ms/step - accuracy: 8.9668 - loss: @.1111 - val_accuracy: 8.9987 - val_loss: 9.8319
Epoch 4/20
858/838 —————————— 1305 137ms/step - accuracy: 8.9650 - loss: @.1126 - val_accuracy: 8.9888 - val_loss: 9.0339¢
Epoch 5/20
858/838 —————————— 1185 137ms/step - accuracy: 8.9742 - loss: 8.8843 - val_accuracy: 8.9971 - val_loss: 9.0187
Epoch 6/20
858/858 ———————————— 1225 142ms/step - accuracy: 8.9762 - loss: 8.8765 - val accuracy: 8.9955 - val loss: 0.8129
Epoch 7/20
858/858 ———————————— 1405 139ms/step - accuracy: 8.9813 - loss: 8.8597 - val accuracy: 8.9874 - val loss: 0.0474
Epoch 8/28
858/858 =————————————— 1185 137ms/step - accuracy: 8.9818 - loss: 8.8568 - val_accuracy: @.9968 - val_loss: @.8113
Epoch 9/2@
858/858 =—————————————— 14125 138nms/step - accuracy: 8.9856 - loss: @.8452 - val_accuracy: 8.9942 - val_loss: 9.8204
Epoch 18/20
858/838 —————————— 121s 141ms/step - accuracy: 8.9850 - loss: @.8517 - val_accuracy: 8.9921 - val_loss: 9.0236
Epoch 11/20
858/838 ————————— 1235 143ms/step - accuracy: 8.9854 - loss: 8.8445 - val_accuracy: 8.9969 - val_loss: 9.0035
Epoch 12/20
858/858 ———————————— 1255 145ms/step - accuracy: 8.987@ - loss: 8.8463 - val_accuracy: 8.9978 - val_loss: ©.0072

Epoch 13/20

Figure 6: Validation Accuracy and Loss by Epochs
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4.4. Prediction on Test Data

Sample test predictions as demonstrated in Figure 7, presents a comparison between the actual and
predicted labels for the selected test images. These visualizations confirm the ability of the model to
correctly distinguishes different traffic signs across multiple categories.

Figure 7: Sample Test Predictions

5. Conclusion

This study demonstrates how effectively Convolutional Neural Networks (CNNs) can act as a robust
approach for Traffic Sign Recognition (TSR) using the German Traffic Sign Recognition Benchmark
(GTSRB) dataset. The proposed model has achieved a maximum accuracy of approximately 97%, showing
its practical potential for deployment in Intelligent Transportation System applications. The research
addressed different challenges such as misclassification of visually similar signs by incorporating and class
imbalance by incorporating a carefully designed CNN architecture in conjunction with extensive data
augmentation techniques. These measures significantly boost the generalization capabilities of model and
robustness to real-world conditions. The future research will concentrate on integrating attention
mechanisms to further enhance the model’s discriminative power and to address persistent misclassification
issues in visually similar traffic sign categories. This enhancement is expected to further strengthen the
model’s applicability in advanced autonomous driving and smart transportation systems.

Funding Statement: No external funding was obtained for the completion of this research.
Contflicts of Interest: No conflicts of interest are associated with this study.

Data Availability: The data used in this study are publicly available from the German Traffic Sign
Recognition Benchmark (GTSRB) dataset.
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Abstract: Clustering is a key method in unsupervised machine learning, which is
commonly used to find latent patterns in unlabeled datasets. This research
evaluates the efficacy of K-Means and K-Prototype clustering algorithms using
five benchmark datasets that include labeled, unlabeled, and mixed-type data.
After routine preprocessing, datasets were divided into 2 to 5 clusters, and a
Support Vector Machine (SVM) classifier was used to check the resulting cluster
assignments. Experimental results show that K-Means works better on labeled
datasets, while K-Prototype works better on unlabeled and mixed-type datasets.
Also, accuracy goes down as the number of clusters goes up, and the best results
are shown with two clusters. These results show how the type of data and the way
the clusters are set up affect how well clustering and classification tasks work.

Keywords: Clustering; Support Vector Machine; K-Prototype; K-Means;

1. Introduction

Unsupervised machine learning is very effective when there isn't much labeled data, it's too expensive,
or it's not available [1]. Unsupervised approaches try to find hidden patterns, structures, or relationships in
data that hasn't been labeled [2], [3]. This is different from supervised learning, which uses labeled datasets.
Clustering is one of the most common methods in this group. It puts related data points into groups based
on their traits [4]. Finding natural groupings by clustering is useful in many areas, including healthcare [5],
marketing [6], finance [7], image processing [8], and cybersecurity [9].

K-Means is one of the most popular clustering algorithms due to its simplicity, efficiency, and ability to
handle large datasets [10], [11]. It works well for numerical data by grouping points so that each cluster has
minimal internal variation [12]. However, real-world datasets often contain both numerical and categorical
attributes. In such cases, the K-Prototype algorithm is more suitable [1], [13], as it extends K-Means to
handle mixed-type data using a different measure of dissimilarity for categorical values [14].

Evaluating clustering performance is challenging because, unlike supervised learning, there are no
predefined labels to compare against [15]. One way to address this is by using a post-clustering
classification approach [16], [17]. Here, the clusters formed are tested using a supervised model—such as
a Support Vector Machine (SVM)—to check how well the data points can be separated based on the clusters
[18], [19]. This hybrid method provides an indirect measure of clustering quality and has been explored in
previous works [20], [21].

In this study, we compare the performance of K-Means and K-Prototype on both labeled and unlabeled
datasets [1], [3]. We test their effectiveness under different conditions, including varying the number of
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clusters, and use multiple publicly available datasets [22]. Data preprocessing techniques are applied to
reduce noise and improve quality before clustering [23]. We then use SVM to evaluate the separability of
the clusters [18].

The paper is organized as follows: Section 2 reviews related work on clustering methods and evaluation
techniques. Section 3 describes the datasets and methodology, including preprocessing, clustering, and
classification steps. Section 4 presents the experimental setup, results, and comparison between K-Means
and K-Prototype on labeled and unlabeled data. Section 5 summarizes key findings and suggests directions
for future research in unsupervised learning and clustering evaluation.

2. Literature Review

Unsupervised machine learning, especially clustering, has been widely used in healthcare, cybersecurity,
finance, and behavioral analytics because it can find hidden patterns in datasets that don't have labels. K-
Means is still one of the most common clustering methods since it works well with big sets of numbers and
is easy to scale [1]. However, real-world datasets frequently encompass both numerical and categorical
variables, constraining the direct use of K-Means. To solve this problem, Huang [2] came up with the K-
Prototype algorithm, which uses the Euclidean distance metric from K-Means for numerical characteristics
and the dissimilarity measure from K-Modes for categorical attributes.

Sharma et al. [3] utilized K-Means clustering on patient medical records in healthcare applications to
discern high-risk groups, obtaining enhanced prediction performance when combined with Support Vector
Machine (SVM) classification. In a similar way, Singla and Bhatia [4] showed that K-Means followed by
SVM classification made it much easier to accurately forecast disease categories than clustering alone.
These results indicate that post-clustering classification can function as an efficient indirect assessment of
clustering quality.

In cybersecurity, Aljawarneh et al. [5] put forward a hybrid intrusion detection model that used K-Means
to group network traffic at first and then SVM to classify it, which led to better detection accuracy. Elngar
et al. [6] also used a K-Means—SVM pipeline to find anomalies in IoT environments and said that it had
lower false positive rates than other methods.

Beyond numerical datasets, Joshi and Dang [7] applied K-Means with SVM classification to predict
online user preferences in e-commerce, showing enhanced personalization accuracy. Kumar et al. [8]
extended this approach to educational data mining, where clustering was used to identify learning behavior
patterns prior to classification.

While prior works have explored K-Means extensively, fewer studies have investigated K-Prototype in
conjunction with SVM for mixed-type data. Kumari and Yadav [9] conducted a comparative analysis of K-
Means, K-Modes, and K-Prototype, concluding that K-Prototype produced better clustering quality for
mixed-attribute datasets. However, they did not evaluate the post-clustering classification performance,
leaving a research gap in understanding how such algorithms impact separability in supervised learning. A
consolidated summary of related works is presented in Table 1.

Table 1: Literature Review Analysis

Ref. Algorithm(s) Purpose Performance Evaluation
Measure
[1] K-Means, K-Prototype  Performance analysis Produced better clusters Efficiency and
for outlier detection using proposed accuracy
architecture

[2] Gray Wolf Compare  accuracy Achieved a 27.68% Accuracy
Optimization (GWOQO), with other methods accuracy improvement
Support Vector over baseline methods

Machine (SVM)

69



MACHINES AND ALGORITHMS, VOL.004, NO.01, 2025 000050

[3] K-Prototype Measure user Clusters revealed more Clustering of
(combination of K- behavior accurate user mixed-attribute
Means and K-Modes) preferences data

[4] K-Means Application in data Demonstrated Algorithm

mining and pattern efficiency and behavior and
recognition promising results performance

[5] SVM with Sequential Improve SVM SMO outperformed Classification
Minimal Optimization efficiency standard SVM accuracy
(SMO)

[6] K-Means + SVM, Measure predictive Both K-Means SVM Accuracy
Weighted SVM performance  using and WSVM improved comparison
(WSVM) boosting classification accuracy

[8] K-Means, Genetic  Optimal feature Achieved 98.79% Accuracy of
Algorithm (GA), SVM  selection in data accuracy on reduced reduced datasets

mining datasets

[9] K-Means + SVM Hyperplane Selected most Time efficiency
Classifier (K-SVM) separation  between informative  samples,

two classes

improving efficiency

[71 K-Means, SVM Intrusion detection Achieved 90% detection Attack  detection
accuracy accuracy
[10] Basic K-Means, Address limitations of Enhanced K-Means Efficiency
Enhanced K-Means K-Means outperformed Basic K-
Means
[11] Improved K-Means Reduce dependence Improved K-Means Efficiency and
(based on  largest on initial points and outperformed Basic K- time
minimum distance) avoid local minima Means
[12] K-Means Improve time Removed limitations of Time efficiency
efficiency standard K-Means and performance
[13] K-Means, Euclidean Data analysis Provided efficient Performance
Distance clustering results evaluation
[14] K-Means, SVM Compare clustering K-Means produced High-dimensional
and classification for better results feature space
categorical data analysis
[15] SVM, Derivative-Free Process optimization  Efficiently performed Efficiency
Numerical Optimizer classification tasks
[16] SVM Pattern  recognition, Achieved 22x faster Accuracy and
regression, and results compared to speed
operator inversion baseline
3. METHODOLOGY

The proposed framework employs a hybrid evaluation strategy that integrates unsupervised clustering
with supervised classification to assess the performance of K-Means and K-Prototypes algorithms. The
methodology is organized into four primary stages: (1) dataset selection and preprocessing, (2) clustering,
(3) supervised classification, and (4) evaluation. The overall workflow is illustrated in Figure. 1.
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Efficiency of K-Prototype and K-Means Algorithm using Support Vetcor Machine (SVM)

UCI Machine Learning V
Reporitory KEEL Dataset Repository

¢ Handle Missing Values
* Normalize Numerical Features
* Encode Categorical Variables
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N ical
(Numerical Data) SVM Classifier

Prediction & Evaluation (Accuracy,

Figure 1: Proposed Methodology Diagram

3.1. Dataset Selection

Eight benchmark datasets were sourced from two widely recognized repositories: the UCI Machine
Learning Repository [24] and the KEEL (Knowledge Extraction based on Evolutionary Learning) Dataset
Repository [25]. These repositories were selected due to their dataset diversity, established use in prior
clustering and classification studies, and suitability for evaluating hybrid algorithms. The datasets
encompass both numerical and categorical features, making them appropriate for mixed-type clustering
algorithms such as K-Prototypes [1], [3], which combine Euclidean and categorical dissimilarity measures.

The datasets used include: the Adultt dataset [24], containing 48,842 instances with 14 categorical and
integer attributes, used for income classification with some missing values; the Hepatitis dataset [24] with
155 instances and 19 mixed-type attributes for survival prediction, also containing missing data; the
Primary Tumor dataset [24] comprising 339 categorical attributes aimed at tumor location classification
with missing values; the Arrhythmia dataset [24] with 452 instances and 279 mostly real-valued attributes
for arrhythmia diagnosis, containing missing data; the Monks-Problems dataset [24] with 432 categorical
instances used for binary classification, having no missing values; the Airlines Delay dataset [25] with
500 instances and categorical/integer features for flight status classification, without missing values; the
Credit Approval dataset [24] containing 690 mixed-type attributes for credit approval classification,
including missing values; and the Vowel (Japanese Vowels) dataset [24], a time series dataset with 640
real-valued attributes used for classification, without missing values. These datasets provide a
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comprehensive test bed for evaluating clustering algorithm performance across varied data types and
domains. A summary of the selected datasets, including size, type, and missing values, is presented in Table
2.

Table 2: Summary of Selected Datasets

Dataset Name # # Data Types Purpose Missing
Instances  Attributes Values

Adultt [24] 48,842 14 Categorical, Integer  Classification Yes

Hepatitis [24] 155 19 Real, Categorical, Classification Yes
Integer

Primary Tumor 339 17 Categorical Classification Yes

[24]

Arrhythmia [24] 452 279 Real, Categorical, Classification Yes
Integer

Monks-Problems 432 7 Categorical Classification No

[24]

Airlines Delay [25] 500 7 Categorical, Integer  Classification No

Credit Approval 690 15 Real, Categorical, Classification Yes

[24] Integer

Vowel (Japanese) 640 12 Real Classification No

[24]

3.2. Data Preprocessing

To ensure compatibility with the clustering algorithms and enhance performance, each dataset
underwent a standardized preprocessing pipeline.

* Missing values were addressed using mean or mode imputation [26], depending on the
attribute type, while records with excessive incompleteness were removed to maintain data
integrity.

*  Numerical features were normalized to a [0,1] range using Min—Max scaling [27] to prevent
bias in distance-based clustering.

* For categorical variables, preprocessing differed based on the clustering algorithm: in the case
of K-Means [2], categorical attributes were transformed into numerical form through one-hot
encoding [28], whereas for K-Prototypes, categorical attributes were preserved in their native
form to fully leverage the algorithm’s capability to handle mixed-type data.

This ensured comparability between the two clustering approaches and prevented distance bias.

3.3. Model Architecture

SMO classifier was used to evaluate two clustering algorithms: K-Means and K-Prototypes. Five
datasets were tested both with and without the class attribute to compare classification accuracy. Initially,
the K-Means technique was applied to each dataset, varying the number of clusters from 2 to 5. After
clustering, the resulting grouped datasets—first including the class attribute and then with the class attribute
removed—were fed into the SMO classifier to measure accuracy. Subsequently, the K-Prototypes
clustering algorithm was applied under the same conditions to assess its performance with and without class
labels.
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3.4. Clustering Phase

In the initial stage, datasets were grouped without the use of class labels to identify inherent data
structures.

*  For purely numerical datasets, the K-Means algorithm [2] was employed, utilizing Euclidean
distance as the similarity measure.

* In contrast, for mixed-type datasets containing both numerical and categorical attributes, the
K-Prototypes algorithm [1], [3] was applied, combining Euclidean distance for numerical
attributes with simple matching dissimilarity for categorical attributes.

This clustering process revealed the underlying patterns within the data, forming the foundation for
subsequent supervised evaluation. In this study, the number of clusters was systematically adjusted from 2
to 5 to assess the impact of cluster granularity on classification accuracy. This range was chosen because it
strikes a compromise between simplicity (fewer clusters) and granularity (more clusters), and it doesn't go
too far with the number of clusters, which can lead to over-segmentation. It is important to note that no
automatic cluster number discovery approach, such the elbow method or silhouette analysis, was used.
Instead, the goal was to look at how clustering worked and how well the classifier worked with a set range
of cluster values.

3.5. Classification Phase

To quantitatively evaluate the quality of clustering, the resulting cluster assignments were mapped to
the actual class labels using a Support Vector Machine (SVM) classifier [29].

This supervised step was included for two reasons:

1. Validation: checking how well unlabeled clusters align with ground truth via majority voting [30].

2. Predictive testing: assessing if discovered clusters improve downstream classification accuracy.
It facilitated predictive performance assessment, leveraging the SVM’s ability to model both linear
and non-linear decision boundaries [31] to achieve robust classification, even in high-dimensional
and complex datasets.

3.6. Performance Evaluation

To evaluate the performance of trained SVM classifier over clustered data, we have exploited ‘Accuracy’
classification metric. The formulae for its evaluation have been mentioned below.

TP+TN

Accuracy = ——
Y TP+TN+FP+FN

(M

4. Results and Discussion

The performance of K-Means and K-Prototype clustering algorithms was evaluated across multiple
datasets using the SMO classifier for accuracy measurement. The datasets used included Adultt, Hepatitis,
Primary Tumor, Arrhythmia, Monks-Problems, Airlines, Credit, and Vowel datasets. For each dataset,
clustering was performed with the number of clusters ranging from two to five, and experiments were
conducted using both datasets containing the class attribute and those with the class attribute removed. To
figure out how well the K-Means and K-Prototype clustering algorithms worked, we used the SMO
classifier in a 10-fold cross-validation scenario to find the classification accuracy. This method makes sure
that the results aren't biased toward either the training or the test data because each dataset is split into
training and testing subsets in several folds. The accuracies that were provided are the average performance
across all folds, not just the training data.

For the K-Means clustering technique, the Adultt dataset, comprising 48,842 instances and 14 attributes,
showed the highest classification accuracy of 97.57% when clustered into two groups including the class
attribute. However, at three and four clusters, the model trained on data without the class attribute
outperformed that with class labels. Similarly, the Hepatitis dataset, with 155 instances and 19 attributes,
achieved its peak accuracy of 92.85% at two clusters with class information included. Interestingly, for
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clusters of four and five, the classifier trained on data excluding the class attribute demonstrated better
performance. The Primary Tumor dataset (339 instances, 17 categorical attributes) achieved perfect
accuracy (100%) at two clusters for both data variants, and also at three clusters without the class attribute.

The Arrhythmia dataset, which is more complex with 452 instances and 279 attributes, attained 100%
accuracy at two clusters for both dataset types. For higher cluster counts, models trained without class labels
showed improved results compared to those with class information. Finally, the Monks-Problems dataset,
containing 432 instances and seven categorical fields, reached a maximum accuracy of 92.3% with two
clusters across both dataset types. At higher cluster counts (3 to 5), models trained without the class attribute
outperformed those with it. Overall, the K-Means results consistently indicated that classification accuracy
declines as the number of clusters increases, with two clusters providing optimal accuracy. Furthermore,
inclusion of the class attribute generally benefitted models at low cluster counts, whereas for higher cluster
counts, models trained on data without class labels sometimes achieved better performance.
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Figure 2: Performance of K-Means on ADULTT Dataset
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Figure 3: Performance of K-Means on HEPATITIS Dataset
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The K-Prototype clustering algorithm showed a similar trend of decreasing accuracy with increasing
cluster counts. On the Adultt dataset, the highest accuracy of 99.24% was achieved with two clusters on
data without the class attribute, surpassing K-Means results. For three to five clusters, models trained on
datasets including the class attribute performed better. The Airlines dataset, comprising 500 instances and
seven attributes, attained its peak accuracy of 98.73% at two clusters, equally on datasets with and without
class labels. The Credit dataset (690 instances, 15 attributes) achieved maximum accuracy of 96.33% with
two clusters on both dataset types; however, at three clusters, models trained with class labels outperformed,
while at four and five clusters, models without class labels were superior. The Hepatitis dataset yielded
97.82% accuracy with two clusters on data containing the class attribute. Lastly, the Vowel dataset, a time-
series dataset with 640 instances and 12 features, showed maximum accuracy of 96.96% at two and three
clusters for data without the class attribute. Models trained with class labels performed better at two and
three clusters, while models without class labels excelled at higher cluster counts. These results suggest that
the K-Prototype algorithm often outperforms K-Means, especially when class labels are removed, likely
due to its suitability for mixed data types.
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Figure 7: Performance of K-Prototype on ADULTT Dataset
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Figure 10: Performance of K-Prototype on HEPATITS Dataset

Vowel

98 96.946 63 96.90)6 63

97
96
95 94.27
> 94
93 92.2 92.25
90.9
91
90
89
88
87
2 3 4 5

No. of clusters

Accura
O
N

B K-prototyp with class H K-prototype without class
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Table 3 summarizes the best accuracy results achieved across all datasets for both algorithms. It is
evident that both algorithms perform optimally with two clusters, and that the presence or absence of class
attributes influences classifier performance differently depending on the dataset and clustering method. The
general decline in accuracy with increasing cluster count may indicate over-segmentation, which negatively
impacts cluster homogeneity and classifier performance.
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Table 3: Results Evaluation

Dataset Algorithm Best Cluster Accuracy with Accuracy without Majority
Count Class (%) Class (%) Best

Adultt K-Means 2 97.57 - With Class

Hepatitis K-Means 2 92.85 — With Class

Primary K-Means 2,3 100 100 Without Class

Tumor (at 3)

Arrhythmia K-Means 2 100 100 Without Class

Monks- K-Means 2 92.3 923 Without Class

Problems

Adultt K- 2 ~9528 (at 5 99.24 Without Class
Prototype clusters)

Airlines K- 2 98.73 98.73 Equal
Prototype

Credit K- 2 96.33 96.33 Without Class
Prototype

Hepatitis K- 2 97.82 - With Class
Prototype

Vowel K- 2,3 ~96.96 96.96 Without Class
Prototype

The difference in performance between K-Means and K-Prototypes can be explained by the types of
datasets and the algorithms themselves. K-Means only uses Euclidean distance, which makes it better for
datasets with mostly numerical features (like Arrhythmia and Monks-Problems) but not as good for datasets
with a mix of types (like Adultt or Credit Approval). K-Prototypes, on the other hand, combines numerical
and categorical differences, which makes it better at finding patterns in datasets that include a lot of different
types of data. This is why it works better on datasets like Adultt and Airlines, where categorical variables
are very important for categorization.

The number of clusters is another thing that affects accuracy. The best results for both algorithms were
at two clusters. As the number of clusters increased, the accuracy went down. This drop could be because
of over-segmentation, which happens when you break data into smaller groups. This makes clusters less
homogeneous and makes it harder for the SVM classifier to map clusters back to ground-truth labels. It is
interesting that models trained without the class property occasionally did better than those trained with
labels. This implies that in some instances, eliminating the class attribute mitigated bias and enabled
clustering algorithms to identify more organic groupings, which were later confirmed using supervised
classification.

In general, the comparison results show that K-Means is easier to compute and works well with
numerical datasets, whereas K-Prototypes is more versatile and works better with mixed-type datasets in
the real world. This supports the idea of using a hybrid framework that uses supervised learning to check
the quality of clustering, making sure that unsupervised results are not only statistically sound but also
useful for making predictions.

This study mainly looks at K-Means and K-Prototypes, but it is also necessary to include other
sophisticated clustering approaches that have become popular in recent years. DBSCAN (Density-Based
Spatial Clustering of Applications with Noise) is great at finding noise spots and dealing with clusters of
any shape, but it needs careful adjustment of its parameters and has trouble with changing densities.
Gaussian Mixture Models (GMM) presume that data comes from a mix of Gaussian distributions. This lets
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clusters take on different shapes, but GMMs are sensitive to how they are set up and need to know how
many components they have. Spectral Clustering uses graph theory to group non-convex structures, but it
is quite expensive to do this on big datasets.

K-Means is still fast and useful for purely numerical data, and K-Prototypes makes this efficiency work
for mixed-type data as well. This means that both algorithms are good candidates for large-scale real-world
datasets.

5. Conclusion and Future work

In this study, we investigated the performance of two prominent unsupervised clustering algorithms, K-
Means and K-Prototype, across multiple benchmark datasets. Our experimental framework involved
conducting clustering with varying numbers of clusters (from 2 to 5) and evaluating classifier accuracy
using the SMO (SVM) classifier on datasets both with and without the class attribute. The results
consistently showed that both clustering methods achieve their best performance when the number of
clusters is set to two. Increasing the number of clusters usually made the classifier less accurate, which
could mean that the clusters were too small and not strong enough to hold together. For K-Means, classifiers
trained on datasets containing the class attribute usually did better with fewer clusters, while models trained
without class labels usually did better with more clusters. On the other hand, the K-Prototype approach
usually gave more accurate results when trained on datasets that didn't have the class property. This shows
that it is good at working with heterogeneous data types. In general, the performance trends of both
algorithms were similar for cluster counts greater than two.

Our results show how important it is to choose the right number of clusters and the right data set for
clustering-based classification to work well. These insights enhance comprehension of the efficient
application of unsupervised clustering algorithms across various data sources and classification challenges.

In future research, we intend to expand this study by examining a wider array of clustering algorithms,
encompassing hierarchical, density-based, and model-based approaches. Also, using ensemble clustering
methods and more advanced feature selection methods could make clustering quality and classification
accuracy even better. Another good idea is to look at how different data pretreatment methods and
dimensionality reduction methods affect the results of clustering. In the end, these efforts are meant to
provide a stronger and more flexible clustering framework that can handle complicated real-world datasets.
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