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Abstract

The efficacy of machine learning (ML) in anticipating and enhancing the learning process of
students within various educational contexts has been empirically demonstrated. The research
focuses on the use of ML in virtual learning environments, with the objective of improving the
effectiveness and personalization of online education. In order to achieve this, it is necessary to
examine research trends in this field. Some areas demonstrate the need for a complete
bibliography, which is the reason for this objective. The methodology employed a bibliometric
analysis, conducted in accordance with the PRISMA 2020 guidelines, utilizing data sourced from
Scopus and Web of Science. The results indicate an increase in the production of articles, with a
particular focus on topics such as student participation and random forest.

Keywords: dynamic adaptability, PRISMA 2020, artificial intelligence, personalization of

education, educational technology

INTRODUCTION

The application of machine learning (ML) in virtual
learning environments (VLEs) has become a critical
component of modern teaching methods. ML, a subfield
of artificial intelligence, has proven effective in
predicting and improving student learning outcomes in
educational settings, offering significant benefits to
educators and learners alike. Notably, research has used
deep learning techniques to predict student performance
based on VLE-generated data (Waheed et al., 2022). This
field of study explores the potential of ML algorithms to
analyze large amounts of educational data to enhance
the learning experience, personalize teaching, and
predict student performance. VLEs, which provide
accessible and flexible educational platforms, stand to
benefit greatly from the implementation of ML
techniques. These techniques enable the continuous
adaptation and optimization of educational resources
(Chui et al., 2020). ML models have been shown to
effectively identify students at risk of underperforming
early on, allowing for timely interventions to improve

their ~academic outcomes. Researchers have
demonstrated that an ML algorithm can accurately
predict which college students are at risk withina VLE,
facilitating the implementation of targeted support
strategies. This predictive capability is crucial in
contemporary  education, where  personalized
monitoring and assistance can substantially impact
academic success (Chui et al., 2020).

Similarly, other authors emphasize the importance of
assessing students’ cognitive and emotional states
automatically in virtual reality environments. They
highlight the potential of ML to personalize educational
training based on individual needs (Moon et al., 2020).
ML models have also been used to identify at-risk
students and implement early intervention strategies at
various educational levels (Adnan et al., 2021).

The application of ML in VLEs is a significant area of
contemporary educational research. Recent studies have
demonstrated the value of ML techniques in analyzing
and understanding student engagement and interaction
inlearningenvironments (Raj & VG, 2022). Additionally,
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Contribution to the literature

e This article provides a comprehensive bibliometric analysis of the use of machine learning in virtual
learning environments, highlighting key trends and thematic developments in the field.
e Itidentifies major conceptual clusters and emerging keywords that define current research priorities and

gaps.

e Thefindingssupport the design of futureresearchagendasand educational policies that integrate artificial
intelligence to improve personalization, engagement, and early intervention in online learning.

the efficacy of predicting which students are at risk of
failing autonomous learning was evaluated. It was
demonstrated that neural network technology can
identify students in need of additional support (Waheed
et al., 2023). Deploying ML in VLEs is paramount, as it
can transform and optimize education by offering
innovative solutions to persistent educational problems.
One of the most crucial aspects is these systems” ability
to predictschool dropouts by identifying studentsatrisk
early on. In this regard, a predictive model based on
behavioral indicators has been developed to detect
students at risk of dropping out. This model provides a
valuable tool for implementing preventive interventions
and improving retention rates (Hlioui et al., 2021).

Moreover, cloud-powered VLEs have been shown to
play a pivotal role in mitigating the academic disparities
between wurban and rural regions. Research has
demonstrated that the implementation of cloud-based
VLEs can foster educational equity by ensuring
equitable access to high-quality learning resources,
irrespective of students’ geographic location. This
enhanced access has the potential to play a significant
role in narrowing the academic proficiency gap between
urban and rural students, thereby promoting a more
inclusiveand equitable education system. Consequently,
integrating ML into VLEs not only enhances the
personalization and effectiveness of learning but also
plays a pivotal role in promoting equal educational
opportunities (Safdar et al., 2022). The development of
intelligent VLEs is confronted with a multitude of
challenges which researchers are striving to surmount.
For instance, they have identified several inherent issues
associated with the creation of a smart VLE, including
the integration of emerging technologies and the
necessity for extensive customization at thesystemlevel.
These challenges underscore the intricacy of developing
systems that not only adapt to the individual needs of
students but are also scalable and resource-efficient
(Odrekhivskyy et al., 2019). A 2019 systematic review
provides afoundationfor further researchinthisarea, as
it demonstrates the need for additional studies to more
effectively address the issue (Tamada et al., 2019).

Despite the mounting interest in leveraging ML
algorithms to enhance educational outcomes, the extant
literature reveals limitations concerning equity and
fairness in learning analytics. The absence of
comprehensive studies addressing the application of
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equity principles in the context of VLE signifies a
necessity for more profound and systematic research in
thisarea (Riazyetal., 2020). The objective of this research
is to examine the current research trends on the use of
ML in VLEs. In view of the aforementioned points, the
subsequent research inquiries are hereby presented:

1. Whicharethe years in which the most interest has
been presented in the use of ML in VLEs?

2. What type of growth has the number of scientific
articles on the use of ML in VLEs shown?

3. What are the main research references on the use
of ML in VLEs?

4. What is the thematic evolution derived from the
scientific production on the use of ML in VLEs?

5. What are the main thematic clusters on the use of
ML in VLEs?

6. What are the growing and emerging keywords in
the research field on the use of ML in VLEs?

7. How are the keywords of the scientific literature
on the use of ML in VLEs classified according to
their function?

8. What themes are positioned as protagonists for
the design of a research agenda on the use of ML
in VLEs?

The present article is organized into five sections. In
the introduction, the topic is contextualized and the
relevance of theuse of ML in VLEs is highlighted, as well
as the objectives of the research. The methodology
section delineates the bibliometric approach utilized,
encompassing the selection criteria and the analysis of
the sources. The results section presents the findings
obtained from the analysis of the literature. The findings
obtained from the analysis of the literature are then
interpreted in the discussion, which relates them to the
current state of knowledge and practical implications. In
conclusion, the study offers a synopsis of its salient
points, proffers suggestions for future research
endeavors, and puts forward recommendations for the
implementation of ML in the context of VLE.

METHODOLOGY

The present study is of an exploratory nature and is
based on secondary sources. A bibliometric analysis is
employed to examine the utilization of MLin VLEs. The
study adheres to the standards set forth by the PRISMA-



EURASIA ] Math Sci Tech Ed, 2025, 21(9), em2695

2020 guidelines for conducting systematic reviews,
thereby ensuring a rigorous and transparent
methodology (Page et al., 2021).

Eligibility Criteria

The inclusion criteria for this research were based on
the presence of specific terms in the titles and keywords.
The primary metadata for the study were “machine
learning” and “virtual learning environments.” The
search was conducted with consideration of the various
forms of citation of these terms, with the aim of ensuring
the comprehensiveness of the analysis. The combination
of keywords facilitates the identification of relevant
studies that address the application of ML techniques in
virtuallearningcontexts, therebyensuringtheinclusion of
a comprehensiverange of research pertinent to the topic.

The exclusion process was conducted in three phases.
Initially, all records exhibiting erroneous indexing were
excluded, thereby ensuring that only correctly
catalogued documentswereanalyzed. In the subsequent
phase, documents for which the full text was inaccessible
were excluded. However, it should be noted that this
exclusion only applies to systematic literature reviews.
This is due to the fact that, in bibliometrics, the analysis
is focused exclusively on metadata. In the final exclusion
phase, records with incomplete indexing and texts
deemed to be of limited relevance to the study were
excluded. This process ensured the quality and
relevance of the data analyzed.

Information Sources

In this bibliometric study, the Scopus and Web of
Science (WoS) databases were selected as the primary
sources of information due to their esteemed reputation
and comprehensive coverage of current scientific
literature. This approach ensures that bibliometrics
drawsfroma variety of reliable sourcestoanalyze trends
and advances in the use of ML in VLEs, as discussed in
thestudy. The present study integrates data from Scopus
and WoS for the purpose of conducting citation-based
studies (Kumpulainen & Seppénen, 2022).

Search Strategy

To searchfor the two selected databases, two bespoke
search equations were devised. These equations were
adapted to the previously defined inclusion criteria and
the specificities of each platform. Given the distinctive
search parameters of Scopus and WoS, these equations
were meticulously crafted to guarantee the integrity and
precision of the data collection process.

For the Scopus database: ((TITLE (“Machine
Learning” OR “ML” OR “Computational Learning” OR
“ Automated Learning”) AND TITLE (“Virtual Learning
Environments” OR “VLE” OR “Online Learning
Platforms” OR “Digital Learning Environments” OR
“Web-Based Learning Systems”)) OR (KEY (“Machine

Learning” OR “ML” OR “Computational Learning” OR
“Automated Learning”) AND KEY (“ Virtual Learning
Environments” OR “VLE” OR “Online Learning
Platforms” OR “Digital Learning Environments” OR
“Web-Based Learning Systems”))).

For the WoS database: ((TI = (“Machine Learning”
OR “ML” OR “Computational Learning” OR
“Automated Learning”) AND TI = (“Virtual Learning
Environments” OR “VLE” OR “Online Learning
Platforms” OR “Digital Learning Environments” OR
“Web-Based Learning Systems”)) OR (AK = (“Machine
Learning” OR “ML” OR “Computational Learning” OR
“Automated Learning”) AND AK = (“Virtual Learning
Environments” OR “VLE” OR “Online Learning
Platforms” OR “Digital Learning Environments” OR
“Web-Based Learning Systems”))).

Data Management

In the bibliometric context of the use of ML in VLEs,
the tool Microsoft Excel® was utilized. In addition, the
free software VOSviewer® was used to carry out the
bibliometric analysis and to visualize the results
obtained. Specifically, VOSviewer® was employed to
generate representative graphs of the various
bibliometric indicators obtained during the study. This
decision was informed by the efficacy and adaptability
of VOSviewer® in the analysis of bibliometric data, as
outlined in the Methods for analyzing texts using this
tool (Bukar et al., 2023). Furthermore, it was noted that
the subject was addressed in relation to students’
perceptions of data analysis in Microsoft Excel, with the
objective of providing a contextual framework for the
utilization of this tool within educational settings (Nath,
2021).

Selection Process

According to the PRISMA 2020 statement, as
described in the study by Page et al. (2021), it is
imperative to indicate whether an internal automated
classifier is employed to facilitate the selection process
and whether this is done with internal or external
validation teams. A critical step in the bibliometric
review process is the evaluation of the risk of missing
studies or incorrect classification. In this study,
automated Microsoft Excel® tools were utilized as an
internal classification and selection mechanism. Each
researcher utilized the tool autonomously to implement
the inclusion and exclusion criteria.

In the initial phase of a bibliometric study that
incorporates ML in a VLE, information sources were
identified by implementing a specific search strategy in
the Scopus and WoS databases. Following a thorough
selection and exclusion process, a total of 104 articles
were obtained. These articles comprise the central
corpus of thisbibliometric study, providinga substantial
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Figure 1. PRISMA-2020 flowchart (Source: Authors” own elaboration, based on Scopus and Web of Science)
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Figure 2. Publications per year (Source: Authors” own elaboration, based on Scopus and Web of Science)

foundation for analyzing trends and advancementsin RESULTS

the utilization of ML in VLEs (Figure 1).
(Figure 1) The current bibliometric analysis has enabled the

identification of a substantial growth of 99.66% in
academic production related to the utilization of ML in
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VLEs, asillustrated in Figure 2. It is noteworthy that the
years 2023,2021, 2019, and 2022 are particularly salient
in terms of the quantity of publications on this subject
that were documented. The substantial augmentationin
scientific production in recent years is indicative of the
mounting interest and significance of the
implementation of ML in virtual educational
environments. This phenomenon is concomitant with
thenecessity for meticulous analysisand comprehension
of trends and developments in this domain.

This bibliometric analysis of the primary authors
reveals three distinct groups of researchers who are
making significant contributions to the field of the use of
ML in VLEs, as illustrated in Figure 3. First, it is evident
that the authors, spearheaded by Nawaz, R., Waheed,

H., Aljohani, N. R., and Hassan, S.-U., are distinguished
by their exceptional productivity and considerable
research impact. This group has demonstrated its
leadership in both the quantity of publications and the
significant influence of their research within the
scientific community. Conversely, a group of authors
has been identified who have produced highly cited
researchresults despitehavinga low productivity index.
Among these authors, Aleryani, S. and Hardman, J.
stand out. The third group of authorsis distinguished by
their exceptional scientific productivity. Aleryani, S.,
Hardman, J., Casalino, G., and Castellano, G. served as
the primary representatives of the aforementioned
group, which produced a substantial number of
publications.
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The analysis reveals the presence of two distinct
groups of top journals, as illustrated in Figure 4. The
initial group consists of journals that are distinguished
by their high impact, despite their low index of scientific
productivity. These include Computers In Human
Behavior and Frontiers In Neuroscience, which are
recognized for the quality and influence of their
publications in the field. Conversely, the second group
comprises journals that are distinguished by their
notable scientific productivity, though not invariably by
the number of citations they receive. Within this group,
CEUR Workshop Proceedings merits particular
attention. Despite receiving a comparatively modest
number of citations, this publication makes a substantial
contribution to the extant literature on the application of
ML in VLEs.

With regard to the leading countries, three discrete
clusters were identified, as illustrated in Figure 5. The
initial cluster is constituted by countries that exhibit a
distinctive level of scientific productivity and impact.
This includes the United Kingdom (UK) and the United
States (USA), which are unquestionable leaders in
research on the utilization of ML in VLEs, contributing a
considerable number of high-quality publications. In
contrast, the second cluster consists of countries that
have a notable impact on the scientific community,
despite having relatively low productivity. This
phenomenon is exemplified by Saudi Arabia and
Germany, whose research output, despite its
comparatively modest volume, frequently garners
significant citations. The third cluster consists of
countries that are distinguished primarily by their
scientific productivity, although not necessarily by the
number of citations they receive. India exemplifies this
cluster, contributing significantly to the extant literature
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on the subject, though its research may receive less
attention in terms of citations.

As demonstrated in Figure 6, the present study is
concerned with the examination of thematic
developments in the literature pertaining to the
utilization of ML in VLEs, together with the
identification of the most frequently addressed topics in
each research year from 2005 to 2023. In the initial year
of the research, 2005, the concept of a “virtual learning
environment” began to emerge, thereby marking the
commencement of research into virtual environments in
the field of education. Conversely, subjects such as
“student engagement,” “random forests,” “learning
analytics,” and “machine learning” have assumed
prominence in recent years, reflecting heightened
student engagement and a growing emphasis on data
classification techniques, which are indicative of
prevailing trends in research.

This bibliometric analysis offers a comprehensive
overview of the keyword co-occurrence network within
the field, which is represented through a total of eight
thematic clusters, as illustrated in Figure 7. The blue
cluster is the most prominent, comprising terms such as
“learning analytics,” “at-risk students,” “clustering”
“academic performance,” and “higher education.” This
finding suggests the presence of a robust conceptual
interrelationship among these fundamental concepts.
The purple cluster, which includes terms such as
“educational data mining,” “oulad,” and “big data,”
among others, suggests a significant thematic
association. The remaining clusters, which are
represented by light blue, yellow, green, orange, and
red, account for other elements of conceptual affinity
within the field of study. Consequently, they provide a
comprehensive perspective of the main research areas
and their interconnections.
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As part of this study, Figure 8 presents a Cartesian
plane that combines the frequency of keyword use on the
X-axis with the effectiveness of keyword use on the Y-
axis, resulting in the formation of four distinct
quadrants. The fourth quadrant is distinguished by a
combination of declining frequency of use and freshness,
as evidenced by the presence of terms such as “machine
learning.”  Conversely, the second quadrant
encompasses keywords that, while infrequent, maintain
a high degree of validity. These terms are defined as
emerging keywords. Examples of such terms include
“at-risk students,” “Covid-19,” “online learning
platforms,” “student performance,” “artificial neural
networks,” and “random forests.”

DISCUSSION

This discussion section plays a pivotal role in this
bibliometric study, offering a comprehensive analysis of
the findings from research on the utilization of ML in
VLEs. This section provides a detailed examination of
trends, patterns, and new findings derived from an
analysis of the scientific literature. Additionally, it delves
into the practical ramifications of the findings and
illustrates how they can contribute to the enhancement
and evolution of online education, as well as the
implementation of ML methodologies. Furthermore, the
limitations of the study are addressed, and potential
methodological limitations are identified, as well as
avenues for future research.
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Analysis of the Growth of Scientific Literature on the
Use of Machine Learning in Virtual Learning
Environments

In order to broaden the discourse and establish a link
between the findings and relevant educational policies
and pedagogical strategies, it is imperative to
acknowledge the transformative capacity of ML in
optimizing student outcomes and institutional decision-
making. A growing body of research, particularly from
2023,2021,2019,and 2022, has demonstrated a paradigm
shift toward data-driven education, where predictive
analytics are increasingly used to personalize learning
experiences and support at-risk learners.

The study by Badal and Sungkur (2023) demonstrates
the integration of ML into VLEs to inform teaching
strategies by identifying patternsinstudent engagement
and performance. This finding carries substantial
ramifications for educational policies that advocate
evidence-based instruction and the integration of
adaptive learning technologies. The incorporation of
these models into national or institutional learning
management systems empowers policymakers to
mandate the early identification of struggling students
and the timely deployment of targeted support services.

Adnan et al. (2021) also support the importance of
continuous student monitoring through automated
systems. From a pedagogical perspective, the
implementation of ML-based alerts and dashboards
empowers educators to adopt proactive and
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differentiated teaching approaches. For instance,
instructors have the capacity to provide customized
feedback, adjust course pacing, and design remedial
activities tailored to the needs of students. From a policy
perspective, this initiative supports the implementation
of programs that prioritize the following:

(1) the retention of learners,
(2) the promotion of digital inclusion, and

(3) the incorporation of artificial intelligence into
teacher training curricula.

Analysis of Research References on the Use of
Machine Learning in Virtual Learning Environments

The lead authors, Nawaz, R. and Waheed, H., in
collaboration with Aljohani, N. R., and Hassan, S.-U.,
have made a substantial contribution to the field of
research on the utilization of ML in VLEs. The study
conducted by Waheed, H. focused on the early
prediction of at-risk students in a self-directed
educational environment using neural networks. This
finding is of considerable significance for the
enhancement of student retention and the provision of
personalized support (Waheed et al., 2023). In contrast,
Alelyani, S. and Hardman, J., in collaboration with
Nawaz, R., have made a notable contribution to the field
through their study, which focuses on predicting
students’ academic performance from large data sets in
VLEsusingdeep learning models (Waheed & Shafi,
2020).

The academic journals Computers in Human
Behavior and Frontiers in Neuroscience have played a
pivotalrolein propelling thefield forward by facilitating
the dissemination of knowledge concerning the
application of ML in VLEs. To illustrate, noteworthy
contributions have been made to the field through the
development of deep learning models designed to
predict student academic performance based on
extensive data sets derived from VLEs. This research
postulates that the proliferation of accessible educational
data, in conjunction with technology-enhanced learning
platforms, provides avenues for investigating student
learning behaviors (Waheed & Shafi, 2020). Similarly,
Frontiersin Neuroscience hasfunctioned asa substantial
platform for studies investigating cognitive state
monitoring and adaptive instructional design in digital
environments.

This phenomenon is exemplified by research on
assessing cognitive load using passive brain-computer
interfaces (Gerjets et al., 2014). Conversely, CEUR
Workshop Proceedings has distinguished itself in terms
of productivity, providing a platform for the
presentation of nascent research and preliminary
findings in the domain of utilizing ML in VLEs. The
challenges associated with the development of
intelligent VLEs were elucidated, offering a critical
perspective on the technical and practical obstacles

encountered by researchers in this rapidly evolving field
(Odrekhivskyy et al., 2019).

It is evident that countries with a high level of
scientific production have played a pivotal role in
advancing knowledge in this field. To illustrate, the UK
and the USA have both made notable contributions to
productivity and impact, providing pivotal research that
has propelled the field forward. In Waheed and Shafi’s
(2020) study, a sophisticated artificial neural networkis
employed on a set of distinctive hand-crafted features
extracted fromclickstream data of VLEsto predict at-risk
students and furnish measures for early intervention in
such cases. Concurrently, other research underscores the
significance of web-based intelligent tutoring systems,
offering foundational insight into the utilization of
artificial intelligence in pedagogical contexts
(Piramuthu, 2005).

In contrast, other countries, including Saudi Arabia
and Germany, have emerged as leaders in this field,
contributing significantly to the advancement of
researchin ML in VLEs. AnML algorithm was presented
to predict at-risk university students in VLEs, thereby
emphasizing the significance of such tools in enhancing
the educational experience (Chui et al, 2020).
Furthermore, the exploration of cognitive state
monitoring and adaptive instructional design in digital
environments yielded invaluable insights into the
optimization of learning effectiveness through the
utilization of intelligent technologies (Gerjets et al,
2014).

Furthermore, India has exhibited noteworthy
proficiency in productivity, particularly in the domain of
VLEs. The advent of ML techniques has enabled the
prediction of student engagement in such environments,
thereby offering invaluable insights into the
enhancement of student engagement and performance
in digital contexts (Raj & VG, 2022).

Analysis of the Thematic Evolution on the Use of
Machine Learning in Virtual Learning Environments

A thorough examination of the evolution of
bibliometric themes concerning the implementation of
ML in VLEs reveals a discernible progression in
conceptual approaches through time. In 2005, the
concept of the “VLE” was the subject of the greatest
number of studies. These preliminary investigations
were chiefly concerned with the creation and adaptation
of VLEs (Piramuthu, 2005). However, in recent years,
there has been a notable shift towards concepts such as
“student engagement” and “random forests,” as
evidenced in the years 2023 and 2022. This increased
focus is evidenced by a growing emphasis on student
engagement and the integration of ML algorithms
within educational settings. This development suggests
a shift towards more sophisticated research
methodologies and a holistic approach to enhancing the
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quality of teaching and learning in virtual environments
(Badal & Sungkur, 2023).

Analysis of the Thematic Clusters on the Use of
Machine Learning in Virtual Learning Environments

The analysis of the network of keyword co-
occurrence in the field revealed the existence of various
thematic clusters, which reflect areas of conceptual
affinity. Toillustrate, the primary cluster, represented by
the blue color, comprises keywords such as “learning
analytics,” “at-risk students,” “clustering,” “academic
performance,” and “higher education.” This cluster of
articles demonstrates a robust interconnection between
concepts pertaining to the identification of at-risk
students and the analysis of academic performance in
VLEs. Significant contributions have been made to this
field by the development of ML models for the
prediction and support of at-risk students in virtual
environments (Chui et al., 2020; Shafiq et al., 2022).

In contrast, the second most significant cluster,
represented by the purple color, encompasses keywords
such as “educational data mining,” “oulad,” and “big
data.” This cluster underscores the pivotal role of
educational data analysis in informing decision-making
processesand enhancing teachingand learningin virtual
environments. The diversity and complexity of the field
of study was identified, as well as the necessity to
address different aspects to advance the understanding
and application of ML in virtual education. This
objective may be realized through the exploration of
how the utilization of time and educational data can
enhance the adaptability of learning in digital
environments (Casalino et al., 2020).

Analysis of the Frequency and Conceptual Validity
Around the Use of Machine Learning in Virtual
Learning Environments

In the fourth quadrant, the concept of ML was found
to be in decline. A noteworthy study addresses the issue
of early identification of students who are at risk. The
research concentrated on the prediction of at-risk
students at varying stages of the course, thus facilitating
the implementation of efficacious early interventions.
This dynamic and proactive approach exemplifies the
potential of ML to adapt to various conditions and time
periods, thereby offering a more complete and accurate
view of educational scenarios. The findings of the study
offer valuable insights into the optimization of early
intervention strategies for the enhancement of student
success, while also underscoring the versatility and
utility of ML in thefield of education (Adnanetal., 2021).

The second quadrant of the Cartesian plane of
bibliometrics offers a promising avenue for exploring a
novel concept of significant importance in the scientific
domain of ML in VLEs. This approach is particularly
salient in the present and imminent future, especially in
the context of salient keywords such as “at-risk
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students,” “Covid-19,” and “online learning platform.”
In the context of the challenges inherent to online
education amid the global pandemic caused by the
SARS-CoV-2 virus, these key terms are of particular
importance. A number of studies have examined these
challenges, contributing toimprovementsin educational
quality and offering valuable insights for the evolution
of online education through the use of advanced ML
techniques (Alsayat & Ahmadi, 2023; Colpo et al., 2024;
Waheed et al., 2022).

Classification of Keywords on the Use of Machine
Learning in Virtual Learning Environments
According to Their Function

As indicated by the results of the bibliometric
analysis, Table 1 plays a pivotal role in the study. The
categorization of emerging and growing keywords
related to the utilization of ML in VLEs that is provided
in Table 1 is comprehensive. The categorization is
further characterized by a clear delineation of their
functionalities.

This classification enables the identification and
analysis of the principal characteristics and applications
of each classified function, thereby facilitating a
comprehensive understanding of the diversity of
approaches and research areas within this field.

Theoretical Implications

The analysis of thefrequency of publications per year
demonstrates a consistent upward trajectory in the level
of attention devoted to this nexus between educational
technology and automated learning. This increase in
publications signifies a mounting interest among the
academic community in comprehending and leveraging
the capabilities of ML within the domain of virtual
education.

By examining the principal theoretical references, the
conceptual foundations underlying research in this
domain can be identified. These references provide a
robust  framework for  understanding and
contextualizing empirical studies and practical
applications of ML in online learning environments.
Thematic evolution illustrates the heterogeneity of
methodologies and domains of interest within the field,
encompassing personalization of learning and the early
identification of at-risk students.

The analysis of keyword co-occurrence offers a
comprehensive understanding of the interconnections
between topics and concepts within the scientific
literature on this topic. This analysis elucidates the
interconnections and interdependencies between
disparate research domains, thereby facilitating a
comprehensive understanding of the field. Furthermore,
ananalysis of emerging and growing keywords suggests
the emergence of novel trends and therapid evolution of



EURASIA ] Math Sci Tech Ed, 2025, 21(9), em2695

Table 1. Classification of keywords according to their function (prepared by the authors based on Scopus and WoS)

Keyword Associated tools Applications Characteristics

Students at  Predictive analytics, ML Early identification of students at Early identification of at-risk students, targeted

risk models, learning analytics risk, intervention strategies, intervention strategies, improved student
student support outcomes

Covid-19 Natural language processing, Pandemic response, educational  Real-time monitoring of the impact of COVID-

data analysis, ML continuity, public health 19 on education, adaptation of teaching

monitoring methods and health knowledge

Online Learning management Online learning, student Seamless delivery of educational content,

learning systems, learning analytics, engagement, data-based analytics to improve student engagement, and

platforms artificial intelligence instruction data-driven instruction

Student Learning analytics, data Academic assessment, adaptive  Evaluation of individual and group academic

performance analysis, predictive modeling learning, early intervention

performance, early intervention for students
with difficulties and personalized learning
paths

Artificial Deep learning, deep neural = Pattern recognition, image Advanced pattern recognition, image and text
neural networks, pattern analysis, natural language analysis, and decision-making systems that
networks recognition processing mimic human neural processing

Random Decision trees, ensemble Data classification, predictive Robust data classification, effective prediction
forest learning, ML modeling, anomaly detection modeling, and effective anomaly detection

research domains. This analysis functions asa compass,
guiding the future trajectory of research in this domain.

A primary benefit of bibliometric analysis is its
capacity to identify research gaps. These gaps signify
domains within the field of ML in VLEs that have
received inadequate exploration or study, thus
indicating prospective avenues for future research
endeavors. Addressing these gaps in knowledge is
therefore essential for researchers seeking to contribute
toa more comprehensive and nuanced understanding of
this field, as well as to the continuous improvement of
educational practices based on the use of ML.

Practical Implications

The thematic evolution towards a more profound
examination of aspects related to student participation
signifies a shift in research focus, moving from the mere
exploration of VLEs to a more detailed analysis of the
factors that influence the active participation of students
in these environments. This shift is indicative of an
increasing emphasis on understanding and enhancing
the online learning experience, as well as on developing
effective strategies to promote student participation and
engagement.

The analysis of keywords and the identification of
thematic clusters provide valuable insight into the
predominant areas of interest and focus within the
academic literature on this topic. The substantial
presence of terms such as “learning analytics,” “at-risk
students,” “clustering,” “academic performance,” and
“higher education” in the primary thematic cluster
underscores the importance of these conceptsin research
on the utilization of ML in VLEs. This conceptual affinity
indicates the necessity for further investigation into the
interrelationship between these areas and the potential
for their effective integration into educational practice to
enhance learning outcomes.

”ou

Conversely, an examination of the frequency and
recency of keywords indicates emerging and declining
trends within the field. The observed decline in the
frequency of terms such as “machine learning” suggests
a potential shift in research interest towards other areas
or approaches. Conversely, the increasing frequency of
keywords such as “at-risk students,” “Covid-19,”
“online learning platforms,” “student performance,”
“artificial neural networks,” and “random forests”
signifies a heightened focus on salient and emerging
issues within the domain of online education.

By identifying research trends and emerging topics,
this tool provides crucial information for policymakers
and educational leaders regarding the allocation of
resources and efforts to enhance the quality and
effectiveness of online education. Moreover, it enables
institutions to anticipate and adapt to changes in the
educational landscape, thereby providing a solid basis
for strategic planning and theimplementation of policies
that promote the effective integration of ML technologies
in teaching and learning. A further notable practical
consequence of bibliometrics in this context is its
capacity to inform the training and professional
development of teachers and practitioners in the field of
online education. By identifying the most pertinent
research domains and pivotal evolving concepts, this
tool can inform the development of training programs
thataddressthe current and futureneeds of educatorsin
the effective utilization of ML technologies. It is
imperative to ensure that practitioners possess the
necessary skills and knowledge to utilize these tools
effectively in their pedagogical practices. This will
enhance the quality and impact of online learning.

Moreover, the findings of this study may have
practical ramifications with regard to the promotion of
interdisciplinary collaboration and the establishment of
research networks. By identifying areas of convergence
and relationships between different disciplines and
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research topics, this tool can facilitate connections
between researchers from disparate fields, thus fostering
collaboration and knowledge sharing. Interdisciplinary
collaboration is imperative for effectively addressing the
intricateand multifaceted challenges associated with the
integration of ML in VLEs. Such collaboration has the
potential to yield substantial advancements in the
comprehension and implementation of these
technologies within the educational sector.

The results of this bibliometric analysis contribute to
the identification of key research trends in the use of ML
technologies in virtual environments. Moreover, they
offer an empirical basis for the design and
implementation of informed educational policies. In this
regard, the results can guide policymakers in the
development of evidence-based pedagogical strategies
aimed at improving student engagement, personalizing
learning, and enabling the early identification of at-risk
students. For instance, the mounting emphasis on terms
such as “at-risk students” and “learning analytics”
underscores the necessity to institute institutional
monitoring systems that integrate these technologies to
avert attrition and foster educational inclusivity.

In terms of pedagogical strategies, the observed
thematic evolution underscores the importance of
designing student-centered teaching methodologies that
foster active participation and autonomouslearning. The
incorporation of clustering algorithms or neural
networks into learning platforms can facilitate the
adaptation of content andlearning pace to theindividual
characteristics of each student, aligning with the
fundamental principles of adaptive instructional design.
This practical orientation is reinforced by the
prominence of keywords such as academic performance
and online learning platforms, which reflect a growing
concern with measuring and improving academic
outcomes through the strategic use of data and
intelligent technologies.

Furthermore, these findings can inform the
development of curricula for teacher training programs,
with an emphasis on cultivating advanced digital
competencies. These competencies are designed to equip
educators with the ability to understand and apply ML
tools in both an effective and ethical manner. It is
imperative that teacher training not be confined to the
mere cultivation of technical aptitudes. Instead, it must
encompass the cultivation of pedagogical, ethical, and
collaborative competencies, in consideration of the
intricaciesinherentin digital learning environments. The
identification of thematic clusters can function as a
roadmap for the structuring of professional
development content and the promotion of communities
of practice focused on educational innovation.

Finally, the promotion of policies that encourage
interdisciplinary research-in accordance with the
findings-can strengthen institutional capacities to
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generate innovative solutions to the current challenges
of online education. Initiatives that foster collaboration
among experts in computer science, education,
psychology, and sociology can contribute to the
development of more inclusive and context-aware
technologies. Bibliometrics, therefore, contribute not
only to academic knowledge but also act as a strategic
tool to align research, pedagogical practice, and public
policy toward a more effective and equitable digital
education.

Limitations

It is imperative to acknowledge the inherent
limitations of bibliometric analysis. The validity and
usefulness of this approach are contingent upon the
availability and accuracy of data within the selected
database. The quality of data can vary considerably
between different sources, potentially introducing biases
into the results and affecting the reliability of the
conclusions drawn.

Furthermore, the selection of keywords and search
criteria can have a significant impact on the results
obtained. The employment of particular nomenclatures
may impose limitations on the extent of the analysis,
potentially resulting in the oversight of pertinent
research that utilizes disparate terminology. This can
result in a partial or biased view of the academic
landscape on the topic in question.

It is also imperative to consider the possibility that
the selective inclusion of certain publications may
introduce biases into the results. The absence of
uniformity in the establishment of inclusion/exclusion
criteria has the potential to result in an incomplete or
distorted representation of the extant body of literature.
This phenomenon has the potential to influence the
perception of the prevalence or significance of specific
topics or methodologies within the field of study.

Additionally, the dynamics of scientific publication,
including review and publication periods, can result in
delays in the incorporation of new works into the
database utilized for bibliometric analysis. This
phenomenon can result in the propagation of an
antiquated representation of research in the designated
area of interest. This, in turn, engenders limitations in the
comprehension of emergent trends and recent areas of
interest.

Investigative Gaps

As illustrated in Table 2, a synopsis of the
predominant research lacunae that have been
ascertained is presented. These lacunae necessitate
further consideration in subsequent research endeavors.
Table 2 offersa synopsis of the primary researchlacunae
that have been identified within the domain of the
implementation of ML in VLEs.
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Table 2. Research gaps (prepared by the authors based on Scopus and WoS)

Category

Investigative gaps

Justification

Questions for future researchers

Thematic gaps

1. Evaluation of the long-
term impact of the use of
ML on students’
academic performance.

2. Research on the
adaptability of ML
models in different
educational and cultural
contexts.

3. Studies on the ethical
and privacy implications
of the use of ML
algorithms in online
education.

Despite growing interest in the use of ML

in VLEs, there is a paucity of studies
investigating its long-term impact on
students’ academic performance.

The effectiveness of ML models may vary
depending on the educational and cultural

context in which they are implemented.
However, there is a lack of research on
how to adapt these models to meet the
specific needs and characteristics of
different environments.

The use of ML algorithms in VLEs raises
ethical and privacy concerns that require

broader attention from the academic
community. However, there is a lack of
comprehensive research into these
implications and how to mitigate their
potential negative impacts.

What are the long-term effects of
using ML on the academic
performance of students in virtual
environments? What factors influence
these effects?

How can ML models be adapted to be
effective in different educational and
cultural contexts? What are the
specific challenges associated with
this adaptation?

What are the main ethical and privacy
concerns associated with the use of
ML algorithms in online education?
How can these concerns be addressed
effectively?

Geographic gaps

1. Lack of studies on the
use of ML in VLEs in

developing countries.

2. Lack of research on the
differences in the
implementation and
effectiveness of ML
models in VLEs in

Most studies on the use of ML in online
education have been carried out in
developed countries, which limits our

understanding of how these technologies
can be implemented and be successful in

resource-limited contexts.

Socioeconomic, cultural, and infrastructure

characteristics can influence the

implementation and effectiveness of ML
models in VLEs. However, there is a lack
of comparative research examining these

What are the specific challenges and
opportunities associated with
implementing ML technologies in
VLEs in developing countries? What
strategies can be effective in
overcoming these challenges?

What regional factors influence the
implementation and effectiveness of
ML models in VLEs? How can these
differences be addressed to improve
equity and accessibility in digital

different geographic differences between geographic regions. ~ education?
regions.
Interdisciplinary 1. Need for Fully understanding the ethical and How can researchers from different
gaps interdisciplinary privacy implications of using ML in online disciplines collaborate effectively to
collaboration to address education requires collaboration between address the complex ethical and
the complex ethical and  experts in technology, ethics, law, and privacy implications of using ML in
privacy implications of ~ education. However, interdisciplinary online education? What strategies can
using ML in online research in this field is limited. be implemented to foster
education. interdisciplinary collaboration in this
field?
2. Exploration of the The effective design of VLEs is essential to How can the design of VLEs be
interaction between the facilitate the successful implementation of improved to facilitate the effective
design of VLEs and the =~ ML technologies. However, research implementation of ML technologies?
implementation of ML  examining the interaction between these =~ What design strategies can maximize
technologies. two aspects is limited, making it difficult to the positive impact of these
optimize the integration of these technologies on the student learning
technologies in digital educational experience?
environments.
Temporal gaps 1. Need for longitudinal Most existing studies on the use of ML in ~ What is the long-term impact of using

studies that evaluate the
long-term impact of the

2. Research on the

evolution of practices and which poses challenges and opportunities
policies related to the use in the educational field. However, research
on the evolution of practices and policies
related to the use of these technologies in

of ML in online
education.

online education are cross-sectional, which ML on the learning experience and

limits our understanding of the long-term
use of ML on the learning Impact of these technologies on learning
experience and academic and academic performance. Longitudinal
performance of students. studies are required to address this gap.

The field of ML is constantly evolving,

online education is limited.

academic performance of students?
How do these effects vary over time
and what factors influence them?

How have practices and policies
related to the use of ML in online
education evolved over time? What
are the emerging trends and how can
they influence the design and
implementation of ML technologies
in the future?
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The aforementioned gaps are classified into four
categories: thematic, geographic, interdisciplinary, and
temporal. For each category, two or three significant
gaps areidentified, accompanied by a brief justification
outlining the rationale for their designation as such. In
addition, the inquiries presented herein are designed to
serve as a framework for future researchers, guiding
themin addressing theselacunaeand contributingtothe
advancement of knowledge in this emerging field.

Research Agenda

The utilization of extensive data sets, commonly
referred to asbig data, is of paramountimportancein the
context of the deployment of ML in VLEs. The utilization
of extensive data sets facilitates the implementation of
ML algorithms, thereby enabling the discernment of
patterns, trends, and latent relationships in student
conduct and the efficacy of pedagogical strategies.
Notwithstanding its significance, big data has become a
relatively minor topic of recent research. It is
recommended that future studies reinvigorate its
importance by investigating new techniques and
methodologies for the effective collection, management,
and analysis of large-scale data in VLEs. In addition, it

would be advantageous to investigate the potential of
integrating big data techniques to enhance the
personalization of learning and to furnish valuable
information that could facilitate more informed
educational decision-making.

Learning analytics has emerged as a potent
instrument for the comprehension and enhancement of
the learning experience in virtual environments. The
application of data analysis techniques, such as ML,
enables educators and course designers to obtain
comprehensive insights into student progress, the
efficacy of learning materials, and the factors that
influence academic performance. Despite its continued
relevance, attention towards learning analytics has
decreased in recent research. Nevertheless, recent
studies have the potential to reinvigorate this field by
investigating the manner in which sophisticated ML
methodologies can enhance the precision and
practicality of learning analytics. In a similar vein, the
potential of incorporating learning analytics to enhance
feedback and personalization in VLEs could be
examined. This examination could contribute to the re-
emergence of learning analytics as a pivotal concept in
the field.

Educational data mining is a field of study that
employs data analysis techniques to identify and
examine patterns in data generated by students and
learning systems. This domain is pivotal to the
implementation of ML in VLEs, as it facilitates the
identification of relationships between key variables,
such as academic performance and student behaviors.
Notwithstanding its significance, the focus on
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educational data mining has diminished in recent
research endeavors. However, the potential for future
studies to reinvigorate its relevance lies in the
exploration of novel data analysis techniques and ML
algorithms meticulously engineered to tackle the
distinctive challenges inherent to online education. In
addition, the potential benefits of educational data
mining in enhancing the early identification of at-risk
students and personalizing learning in virtual
environments should be investigated.

Deep learning is a subfield of ML that utilizes
artificial neural networks, which are composed of
multiple layers, to model and represent data in
increasingly complex and abstract ways. In the context
of ML in VLEs, deep learning has the potential to
enhance the precision and efficacy of predictive and
analytical models. Despite its acknowledged
significance, therehasbeen a notable declinein the focus
on deep learning in recent research. Nevertheless, the
potential exists for future studies to reinvigorate its
relevance by investigating novel neural network
architectures and deep learning algorithms specifically
designed to address the challenges of online education.
Furthermore, they could investigate the potential of
deep learning to enhance the comprehension of student
behavior and personalize educational content in virtual
environments.

It is imperative to identify and address at-risk
students in the context of ML in VLEs, as these students
often face a multitude of academic and personal
challenges that cansignificantly impact their educational
success. Despite the growing recognition of the
significance of this issue, recent research has indicated a
decline in the attention devoted to at-risk students.
However, the potential for future studies to reinvigorate
their relevance exists. Such studies could investigate
new ML techniques and models for the early detection
of at-risk students in virtual environments. In addition,
the potential benefits of data analysis and learning
personalization in enhancing support and intervention
targeting for these students should be investigated. This
exploration could contribute to their reintegration by
focusing on the most pertinent contemporary concepts.

VLEs are technological platforms designed with the
specific purpose of facilitating online teaching and
learning. These systems facilitate the dissemination of
educational material, the facilitation of student-teacher
interaction, and the evaluation of learning outcomes.
Despite their significance in the context of ML
applications in virtual education, there has been a
notable decline in the focus on VLE in recent research.
Nevertheless, the integration of ML techniques holds
considerable potential for reinvigorating the relevance of
VLE by enhancing its efficacy and usability.
Furthermore, the adaptation and evolution of VLE to
meet the evolving needs of students and educators in
VLEs is a promising avenue for future research.
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Figure 9. Research agenda (Source: Authors” own elaboration, based on Scopus and Web of Science)

Recommender systems are tools that utilize ML
algorithms to suggest content or activities tailored to the
user’s expressed preferences and past behaviors. In the
context of ML utilization in VLEs, recommender systems
have the potential to enhance the learning experience by
offering students suggestions of pertinent educational
resources that are tailored to their individual
requirements. Despite the acknowledged importance of
recommender systems, there has been a decline in
research attention toward them in recent times.
Nevertheless, subsequent studies have the potential to
reinvigorate their pertinence by investigating innovative
techniquesand models of personalized recommendation

based on ML. These future investigations could explore
the methods by which recommender systems can be
effectively integrated into VLEs to enhance learning
personalization and promote greater student
engagement (Figure 9).

CONCLUSIONS

A review of the literature on the use of ML in VLEs
provides valuable insights. A substantial surge in article
production was evident in 2023 and 2021, attributable to
the proliferation of cubic polynomials. Notable
contributors include Nawaz, R. and Waheed, H. Among
the most frequently cited journals are Computers in
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Human Behavior and Frontiers in Neuroscience.
Additionally, the UK and the USA are noteworthy as
prominent countries, while the main thematic clusters
offer insight into the current research landscape. These
findings can inform researchers’ decisions regarding
publication venues and international collaborations.

The thematic development has undergone a shift in
focus towards topics such as student engagement and
Randolph forest. The emergence of novel keywords,
such as “students at risk” and “Covid-19,” signifies a
responsiveness to the evolving demands of online
education. The strategic allocation of keywords in
research outputs underscores the imperative for future
studies within this rapidly expanding field of inquiry to
prioritize fundamental concepts.

Furthermore, the identification of research gaps
provides the foundation for future studies that can
address these knowledge gaps. Thematic, geographical,
interdisciplinary, and temporal discrepancies indicate
areasthatnecessitate further attention andinvestigation.
These discrepancies present both challenges and
opportunities for the academic community. These
resources offer avenues for expanding theoretical
understanding and for addressing practical problems in
the implementation of ML technologies in VLEs.

In conclusion, the proposed research agenda, based
on the results of the bibliometrics, serves as a guide for
futurestudies in thisfield. This agenda identifies priority
areas and emerging topics that require additional
research to advance knowledge and practice in the use
of ML in VLEs. The provision of a clear and specific
direction is instrumental in enabling researchers to
concentrate their efforts on areas that have the potential
to make a significant contribution to the field. This
direction also facilitates the identification of challenges
and opportunities in bibliometrics.
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