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Abstract: This study aims to examine the combination of educational data mining and learn-
ing analytics with virtual reality, augmented reality, mixed reality, and the metaverse, its
role in education, and its impact on teaching and learning. Therefore, a systematic literature
review, a bibliometric and scientific mapping analysis, and a content analysis are carried out
based on 70 relevant documents identified from six databases, namely, ACM, ERIC, IEEE,
ScienceDirect, Scopus, and Web of Science (WoS) following the PRISMA framework. The
documents were separated into the following three categories, (i) Theoretical and Review
studies, (ii) Proposal and Showcase studies, and (iii) Experimental and Case studies and
were examined from different dimensions through an in-depth content analysis using both
quantitative and qualitative approaches. The documents were further analyzed using sci-
entometric tools, such as Bibliometrix and VOSviewer and topic modeling through Latent
Dirichlet Allocation (LDA). The most prominent topics, areas, and themes were revealed
and the outcomes regarding the influence of this combination on learning and teaching
were summarized. Based on the results, this combination can effectively enrich education,
positively affect learning and teaching, offer deep and meaningful learning, and support
both students and teachers. Additionally, it can support different educational approaches
and strategies, various learning styles, and special education and be utilized in both formal
and informal learning environments. The real-time identification, tracking, monitoring,
analysis, and visualization of multimodal learning data of students’ behavior, emotions,
cognitive and affective states and the overall learning and teaching processes emerged as a
significant benefit that contributes greatly to the realization of adaptive and personalized
learning. Finally, it was revealed that the combination of extended reality technologies with
learning analytics and educational data mining can support collaborative learning and
social learning, improve students’ self-efficacy and self-regulated learning, and increase
students’ learning gains, academic achievements, knowledge retention, motivation, and
engagement.

Keywords: extended reality; augmented reality; virtual reality; metaverse; learning analyt-
ics; educational data mining; immersive learning; virtual learning environments; learning
technologies; artificial intelligence; technology-enhanced learning; education; review

1. Introduction
There is an ever increasing need to integrate data science into educational contexts

to further enhance learning and teaching [1]. Via educational data science, educational
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processes can be tailored to each individual’s requirements, needs, and preferences [2].
Among the various methods and approaches used in the domain of data science in ed-
ucation, learning analytics and educational data mining are the most widely used [3,4].
Educational data hold a lot of value and meaning [5] and can be used in many ways,
including analyzing students’ performance [6]. Therefore, and due to the potential benefits
that they can bring in the educational domain, research into educational data mining [7]
and learning analytics [8] is continuously increasing. It should be noted that despite their
sharing similarities and their being applied at all educational levels, there are distinct
differences between the two [2,9]. Specifically, learning analytics evaluate the educational
process and learning theories using existing models in a top–down approach, while edu-
cational data mining strives to create new models and identify new patterns in data in a
bottom–up approach [10,11]. Additionally, there are several other differences regarding
the methods, adaptations, techniques, personalization strategies, origins, and approaches
used between the two [12,13]. As a result, it can be inferred that learning analytics put an
emphasis on addressing educational challenges, while educational data mining puts an
emphasis on the technical ones [14].

Specifically, learning analytics is an interdisciplinary scientific field that is increasing
in popularity since learning analytics can enrich current education models [12,14]. Learn-
ing analytics focuses on analyzing data, commonly deriving from educational environ-
ments, to enhance the overall quality of teaching and learning, to improve personalization,
and to overcome existing barriers and challenges [15,16]. Hence, learning analytics in-
volves the processes of collecting, processing, analyzing, and visualizing data to better
understand teaching and learning processes to further improve educational experiences
and environments [3,13,14,17,18]. Learning analytics can support both teachers and stu-
dents, help meet their needs, and positively influence teachers’ performance and students’
progress [19,20]. Hence, learning analytics can be utilized to comprehend and optimize
the educational process and the environment in which it occurs [21]. Several systematic
literature reviews have examined the role and use of learning analytics in educational
settings [21–26]. These studies highlight the positive effect that they can have on learning
and teaching practices, point out the educational outcomes that can be yielded, and com-
ment upon the fact that this area of study is still in its infancy. Another fact that derives
from these studies is the drastic need to further explore how multi-modal data can be used
in the context of learning analytics to increase learning outcomes.

Simultaneously, educational data mining is also gaining ground [3]. Based on the
“International Educational Data Mining Society”, educational data mining is “an emerging
discipline, concerned with developing methods for exploring the unique and increasingly
large-scale data that come from educational settings and using those methods to better
understand students, and the settings which they learn in” [27]. Hence, it constitutes an
interdisciplinary study field that capitalizes on statistics, machine learning, deep learning,
information retrieval, and artificial intelligence [5]. Specifically, this specialized data mining
form aims to process information, analyze data, develop models, and identify patterns
within data to address educational challenges, improve institutional effectiveness, and
enhance learning outcomes and experiences [2,11,28]. Due to the nature and scope of
educational data mining, several systematic literature reviews have been conducted to
examine its use in educational contexts [5,22,28–30]. The outcomes of these studies highlight
the capabilities of educational data mining to enrich learning and teaching and comment
upon the increasing need to capitalize on educational data and explore how to effectively
identify and extract meaning from it.

Through extended reality technologies, valuable data can be generated which can
reveal additional key aspects when examined within educational settings. Specifically,
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extended reality refers to new reality formats that are provided through mixed reality,
virtual reality, and augmented reality technologies [31]. Augmented reality involves users’
physical environment enrichment with digital objects and virtual information that are
interactive and can be perceived through users’ senses [32–34]. Virtual reality involves
fully virtual environments that perceptually surround users and simulate their physical
presence within them [35–37] to create “all-inclusive, sensory illusion of being present in
another environment” [38]. These environments provide high immersion, involvement,
immediacy, and interaction [39–42] and capitalize on psychological and social aspects to
be perceived by users as real [43]. In the context of the “reality-virtuality continuum”,
somewhere in the middle between the real and virtual environments lies a mixed reality in
which real and virtual contexts co-exist [44]. Within this continuum, virtual reality is nearer
to the virtual environment, whereas augmented reality is nearer to the physical world [44].
Owing to their interactivity and immersiveness, these technologies are more widely utilized
in educational settings across levels and subjects. The outcomes of systematic literature
reviews that have examined both theoretical and experimental studies and focused on both
augmented reality [45–48] and virtual reality [49–52] technologies have highlighted the
benefits and the positive influence that their integration into the educational domain can
bring about. Additionally, extended reality technologies can be combined with different
approaches, such as gamification, and other technologies (e.g., artificial intelligence) to
further increase learning outcomes and offer personalized learning experiences [53]. Due to
their unique nature, additional data to that generated within traditional classrooms or when
using traditional teaching means can be generated. By examining this data meaningful
insights that can further increase our understanding of learning could be yielded.

According to the aforementioned information, it is evident that by combining these
technologies and methods, personalized learning environments that are characterized by
high engagement and immersiveness can be created. The relationship among extended
reality technologies, learning analytics, and educational data mining is presented in Figure 1.
Specifically, through extended reality technologies, interactive, secure, and immersive
learning environments that foster experiential learning can be created, which, in turn,
can render the collection of multimodal data feasible. Using advanced algorithms and
computational techniques in the context of educational data mining, the educational data
can be analyzed to predict learners’ behaviors, discover patterns, create predictive models,
and offer meaningful recommendations to improve teaching and learning. Additionally,
through learning analytics, the educational data can be systematically collected, processed,
analyzed, visualized, and interpreted to optimize the overall educational process.

However, despite the existing studies that have focused on these topics, there has not
been any study, to the best of our knowledge, which explores how learning analytics and
educational data mining are used within extended reality environments. Hence, there is a
clear gap in the literature regarding the examination of the role and use of learning analytics
and educational data mining within extended reality environments and the representation
of the existing state of the art. Given the potential benefits that their combination can bring
and to address this literature gap, this study aims to explore the role and use of educational
data mining and learning analytics within augmented reality and virtual reality learning
environments and the metaverse. Specifically, the goal of this study is to showcase the
state of the art, to highlight the impact that the combination of these technologies and
methods has on teaching and learning activities, and to suggest future research directions
to help shape this novel field of study based on the existing literature. Hence, the main
research questions of this study are how educational data mining and learning analytics
can be used within virtual reality and augmented reality learning environments as well as
the metaverse and how they impact the processes of teaching and learning. To meet the
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objective of this study and address the research question set, a systematic literature review
following the “Preferred Reporting Items for Systematic Reviews and Meta-Analyses”
(PRISMA) [54] framework and an in-depth content analysis was conducted. Additionally,
topic modeling using Latent Dirichlet Allocation (LDA) [55] was also used and Bibliometrix
(v.4.3.0) [56] and VOSviewer (v.1.6.20) [57] tools were adopted to further examine the
document collection.
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learning analytics.

This study contributes to the existing literature by providing an in-depth analysis of
this emerging field of study. Specifically, it presents findings from theoretical, proposal, and
experimental studies and synthesizes their outcomes. Additionally, it provides a content
analysis of the experimental and case studies to identify key aspects in the realization
of learning analytics and educational data mining within augmented reality and virtual
reality environments. Furthermore, this study also contributes through its bibliometric
analysis and scientific mapping of the existing literature as well as the identification of
emerging topics and limitations within the literature. Finally, this study also highlights
future research directions and areas. The remainder of this study explores related works
(Section 2) and presents the methodology used in detail so as to provide clarity, transparency,
and reproducibility (Section 3). Moreover, it presents the data analysis and the related
results (Section 4) and focuses on analyzing the document collection as a whole (Section 4.1)
as well as each different document type separately following a mixed-method approach
(Sections 4.2–4.4). The findings are further examined, synthesized, and analyzed and
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implications are provided (Section 5). In Section 6, the conclusions arisen are presented, the
study limitations are discussed, and future research directions are provided.

2. Related Work
Given the scope of this study and the main topics examined, some relevant literature

review studies are presented. The study of Mangaroska et al. [21] focused on examining
the intersection between learning design and learning analytics to improve learning. Their
study analyzed 43 papers from 2010 to 2017 and highlighted the synergies between learning
analytics and learning design. Additionally, emphasis was placed on the pedagogical
contexts, data analysis and collection methods, and the learning settings and objectives
reported. Finally, the study highlighted the need to theoretically ground learning analytics
for the field to further mature. Avella et al. [23] explored the challenges, benefits, and
methods of integrating learning analytics in higher education. Their work highlighted
the personalization of learning, the improvement of the curriculum, the identification of
suitable material and courses, as well as the improvement of students’ and instructors’
performance as the main benefits yielded through the adoption of learning analytics.
Additionally, the study pointed out the challenges associated with data tracking, collection,
and analysis, with effective evaluation, environment optimization, and privacy and ethical
considerations. Larrabee Sønderlund et al. [24] put an emphasis on the efficacy of learning
analytics intervention within higher education settings by analyzing 11 related studies.
The study highlighted the potentials of learning analytics but simultaneously showcased
the need for more evidence-based research to be conducted to solidify the effectiveness,
generalizability, and feasibility of learning analytics interventions. Leitner et al. [26] also
focused on the use of learning analytics in higher education and, in their literature review
study, examined 101 related papers. Their study revealed the various techniques used
within the studies (e.g., prediction, clustering, outlier detection, etc.) and commented on
the short-term and long-term trends and future research directions.

Furthermore, some studies focused on both learning analytics and educational data
mining. For example, the study of Aldowah et al. [22] explored their use in the context
of 21st century higher education. Their work examined 402 studies from 2000 to 2017
and focused on computer-supported learning analytics, visualization analytics, predictive
analytics, and behavioral analytics. Their findings reveal the beneficial role that these
approaches can play in creating effective student-focused teaching strategies. Papamitsiou
and Economides [25] analyzed 40 documents from 2008 to 2013 to examine the practical
implementations of learning analytics and educational data mining using non-statistical
methods. Their study revealed key implications, commented upon the added value of
learning analytics and educational data mining research, and suggested future research
questions aiming at addressing both technical and pedagogical considerations.

Other studies focused exclusively on the use of educational data mining in educational
settings. Romero and Ventura [5] carried out a review regarding the state of the art of edu-
cational data mining to present the most relevant to the field studies, describe key aspects,
such as user groups, environment types, and data types, and explored the most commonly
used tasks. Specifically, the user groups were divided into: “Learners/Students/Pupils,
Educators/Teachers/Instructors/Tutors, Course Developers/Educational Researchers, Or-
ganizations/Learning Providers/Universities/Private Training Companies, and Admin-
istrators/School District Administrators /Network Administrators/System Administra-
tors”. The data/environment types were divided into: “Traditional Education, Web-based
Education/E-learning, Learning Management Systems, Intelligent Tutoring Systems, Adap-
tive Educational Systems, Tests/Questionnaires, Texts/Contents, and Others”. Finally,
the study highlighted the importance of this field and its close relationship with other
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well-established fields. In their review, Dutt et al. [28] highlighted the need for more
sophisticated data mining techniques and approaches to analyze educational data. Their
work focused on clustering algorithms and examined documents from 1983 to 2016. The
study highlighted the provision of pertinent insights and of students’ learning style-based
models. Finally, it pointed out the need to carefully select the most suitable approaches and
algorithms. In another study, Mohamad and Tasir [29] highlighted the ability of educational
data mining to be used to identify and track students’ learning behaviors within online
learning environments. The study focused on revealing the latest trends on using data
mining in education in the context of online learning. Additionally, they examined potential
challenges and commented upon its use to engage students in collaborative learning. Baker
and Yacef [30] reviewed the history, advancement, and trends in the early years of educa-
tional data mining. Among the different educational data mining methods, “predictions,
discovery with models, clustering, human judgement, and relationship mining” were the
ones most widely used. The study also revealed key applications, mapped the existing
literature, and provided recommendations for future research directions.

Regarding the use of extended reality technologies, several literature review studies
have been carried out that explored the use of augmented reality and virtual reality in
education. For example, Akçayır and Akçayır [45] focused on identifying the challenges
and advantages of integrating augmented reality in education. Their work analyzed 68
documents and highlighted the increased interest in the field. The improvement of stu-
dents’ learning achievements arose as the main benefit, while technical problems and
usability considerations emerged as the main drawbacks. Their study further expanded
upon the implications of applying augmented reality in education and the existing gaps
in the literature. Chen et al. [46] reviewed 55 studies from 2011 to 2016 regarding the use
of augmented reality in education. Their work focused on presenting the state of the art
regarding the adoption and integration of augmented reality and revealed future trends and
visions for research opportunities to further advance the specific field of study. Garzón [47]
provided an overview of the use of augmented reality in teaching and learning activities by
examining studies from 1996 to 2019. The study explored the different stages and trends of
augmented reality in education, commented upon the pending issues, such as usability, ac-
cessibility, and dissemination issues and pedagogical considerations, and provided insights
into how these issues could be addressed. In a more recent study, Lampropoulos et al. [48]
explored the use of augmented reality and gamification in education. The study analyzed
113 documents that were published until 2022. The work focused on addressing 15 re-
search questions and revealed the benefits and challenges associated with the integration of
augmented reality in education. The study also revealed the diverse nature of augmented
reality which enables it to be used in conjunction with other technologies, approaches, and
methods to enrich the educational process.

Furthermore, studies also focused on exploring the educational use of virtual reality.
In their literature review study, Freina and Ott [49] explored the state of the art regarding
the use of immersive virtual reality in education. In their work, they highlighted the main
challenges and potentials of using virtual reality in teaching and learning activities. They
defined interaction, engagement, and immersion as the key principles behind the advan-
tages that immersive virtual reality can bring in the field of education. Finally, the study
focused on different groups of students and how their needs can be met. Radianti et al. [50]
explored the design elements associated with immersive virtual reality applications that are
targeted at the educational domain. Their work focused on mapping the existing literature
to determine the most commonly used design elements and learning theories, on identi-
fying the domain structure of the learning content, and on defining the foundations that
render the virtual reality-based education successful. Additionally, the study revealed 18
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potential application domains for virtual reality in education, which further highlights the
significant influence that it can have. Kavanagh et al. [51] focused on educators’ motivation
for integrating virtual reality in education, explored relevant applications, and examined
the associated issues and problems reported in the literature. Based on their findings, most
studies put an emphasis on increasing students’ intrinsic motivation and the design ele-
ments of the interventions were limited. The study also went over the existing drawbacks
and issues regarding the adoption of virtual reality in education and suggested techniques
and actions to potentially address them. Lampropoulos and Kinshuk [52] explored the use
of virtual reality and gamification in education by analyzing 112 documents until August
2022. The study addressed 15 research questions, followed a mixed-methods approach, and
evaluated the quality of the studies using the Mixed Methods Appraisal Tool (MMAT). The
study discussed the combination of virtual reality with gamification and revealed the main
advantages and disadvantages associated with their integration in educational settings.
Through its content analysis, the study presented the state of the art regarding gamification
and virtual reality in education.

Based on the aforementioned, it is evident that extended reality technologies, learning
analytics, and educational data mining can positively influence the educational process.
However, the studies conducted have not focused on the role and use of learning analytics
and educational data mining within augmented reality and virtual reality environments.
Additionally, most of the studies that have been carried out do not involve the analysis of
recently published documents. Given the potential that their combination can bring about
in the educational domain, this study seeks to bridge this research gap by focusing on how
educational data mining and learning analytics can be combined within extended reality
environments and how this combination can influence teaching and learning practices by
providing a thorough representation of the existing state of the art, identifying the main
benefits that can be yielded, and suggesting future research directions.

3. Materials and Methods
Due to this study’s scope and to address the research question defined and meet its

aim, a systematic literature review was conducted. A systematic literature review should
be transparent, reliable, valid, and reproducible [58]. Hence, given its rigorous rules, its
ability to add transparency and offer comprehensive insights, and it being widely used
and validated in educational settings [59–61], the PRISMA framework [54] was adopted.
Besides an in-depth content analysis, topic modeling using LDA [55] was conducted and
the document collection was further examined using Bibliometrix [56] and VOSviewer [57].
Specifically, PRISMA constitutes a set of guidelines to effectively report the process of a
systematic literature review and was used as the framework of this study. Additionally,
LDA is a probabilistic model which was used for topic modeling, and Bibliometrix and
VOSviewer are tools used to analyze the scientific literature focusing on the visualization
of networks and on the analysis of metadata and were used to further examine the doc-
ument collection. Manual content analysis was also carried out based on the full text of
the documents.

To identify the most relevant documents, a thorough combination of keywords was
used as the query to search in 6 databases. In particular, ACM, ERIC, IEEE, ScienceDirect,
Scopus, and Web of Science (WoS) were used to find suitable studies. The most accurate
results were reported from the Scopus and WoS databases, which further verifies their being
highly regarded and appropriate to be used to carry out literature review, bibliometric
analysis, and scientific mapping studies as was already indicated in the literature [62,63].
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Systematic Literature Review Process

Different combinations of keywords were used to find the most relevant documents.
The final query used consisted of a combination of keywords relevant to the main topics
explored in this study and was as follows: “(“augmented reality” OR “virtual reality” OR
“extended reality” OR “mixed reality” OR “metaverse” OR “ar” OR “vr” OR “xr” OR “mr”)
AND (“learning analytics” OR “educational data mining” OR “edm”)”. This query was
selected as it yielded the most relevant documents. Although the abbreviations can identify
additional related documents, their use also results in the identification of documents
that are not related to the topic. For example, “mr” and “edm” are also acronyms for
different things besides mixed reality and educational data mining. However, it was
deemed more appropriate to be included not to miss any related document. Hence, a
large volume of documents was omitted during the initial screening. Additionally, the
search query did not have any limitations regarding the year of publication and publication
type. However, only English documents were considered and examined in this study. The
relevant documents were searched on a topic level, namely the document title, document
abstract, and document keywords.

The final search was performed in December 2024 and resulted in the identification of
773 documents. Specifically, 404 documents returned from Scopus, 184 from WoS, 102 from
IEEE, 37 from ScienceDirect, 22 from ERIC, and 19 from ACM. Given that most highly
regarded outlets are indexed in a combination of these databases, 259 documents emerged
as duplicates based on their title and were removed. Throughout the process of assessing
the eligibility of the documents, the authors worked independently and cross-checked
their results. In the cases where there was a different outcome, the related document
was further discussed. The values reported reflect the final outcomes of the procedure.
Therefore, 514 documents were then screened manually according to their title and abstract
for eligibility. For a study to be included in this review, 4 inclusion criteria were set and
had to be met. Specifically, the study had to (i) involve extended reality technologies;
(ii) involve educational data mining and learning analytics methods; (iii) focus on or be
applied in educational settings; and (vi) focus on the combination of learning analytics
and/or educational data mining with extended reality technologies. Hence, only studies
that met these inclusion criteria were included in the document collection.

Through the initial screening, 422 documents were omitted since they did not satisfy
the inclusion criteria. This number can be justified based on the strict criteria set, as well
as the use of multiple abbreviations within the search query. However, we deemed that
it would be better to eliminate more documents that are not suitable than miss some
documents because abbreviations were not used in the search query. Hence, 92 documents
remained and were sought for retrieval. Since all documents were retrieved, all potentially
relevant documents were manually assessed for eligibility by examining the documents’ full
text. Taking the inclusion criteria into account, 22 more documents were excluded because
they did not satisfy one or more of the criteria specified. Particularly, 14 documents were
removed because they did not focus on the combination extended reality technologies with
learning analytics and/or educational data mining, 3 documents were excluded because
they did not involve educational settings, 3 documents were removed because they did not
focus on educational data mining or learning analytics, and 2 documents were excluded
as they were not related to extended reality technologies. As a result, 70 studies satisfied
the criteria set and were included in the document collection examined. The complete
process of document identification, processing, and selection, which followed the PRISMA
framework, is showcased in Figure 2.



Appl. Sci. 2025, 15, 971 9 of 38

Appl. Sci. 2025, 15, x FOR PEER REVIEW 9 of 39 
 

because they did not focus on educational data mining or learning analytics, and 2 docu-
ments were excluded as they were not related to extended reality technologies. As a result, 
70 studies satisfied the criteria set and were included in the document collection examined. 
The complete process of document identification, processing, and selection, which fol-
lowed the PRISMA framework, is showcased in Figure 2. 

 

Figure 2. PRISMA flow diagram. 

4. Result Analysis 
To better understand how educational data mining and learning analytics are used 

in extended reality learning environments and the metaverse, the documents were orga-
nized into the following three categories: (1) Theoretical and Review studies: documents 
that explored the use of these technologies but did not showcase any relevant application 
and did not apply them in educational settings or did not carry out an experiment. (2) 
Proposal and Showcase studies: documents that presented indicative examples of appli-
cations or the combination of these technologies but did not apply them in educational 
settings or did not carry out an experiment. (3) Experimental and Case studies: documents 
that have carried out experiments and case studies using the specific technologies in com-
bination. The categorization of documents follows that of existing published systematic 

Figure 2. PRISMA flow diagram.

4. Result Analysis
To better understand how educational data mining and learning analytics are used in

extended reality learning environments and the metaverse, the documents were organized
into the following three categories: (1) Theoretical and Review studies: documents that
explored the use of these technologies but did not showcase any relevant application and
did not apply them in educational settings or did not carry out an experiment. (2) Proposal
and Showcase studies: documents that presented indicative examples of applications or
the combination of these technologies but did not apply them in educational settings or
did not carry out an experiment. (3) Experimental and Case studies: documents that have
carried out experiments and case studies using the specific technologies in combination.
The categorization of documents follows that of existing published systematic literature
reviews [48,52] and distinguishes the documents into three categories based on their nature
and content so that they can be accordingly analyzed.

Additionally, the following subsections go over the result analysis for each of these
categories and focus on the analysis of the document collection. Specifically, in the docu-
ment collection analysis in Section 4.1, the results represent all documents of the collection,
whereas in the following three sections (Sections 4.2–4.4), the results presented reflect only
the documents of each corresponding document type. Section 4.2 analyzes the Theoretical
and Review studies, while Section 4.3 examines the Proposal and Showcase studies. Finally,
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Section 4.4 presents the content analysis which was carried out for the Experimental and
Case studies.

4.1. Analysis of the Document Collection

The collection of documents analyzed in this systematic literature review comprised
of 70 documents and its details are presented in the following subsections. Specifically, the
data analysis of the document collection is divided into the following parts:

• Document and Study type analysis (Section 4.1.1).
• Document collection analysis (Section 4.1.2).
• Document publication frequency analysis (Section 4.1.3).
• Sources analysis (Section 4.1.4).
• Country analysis (Section 4.1.5).
• Analysis of the technologies and methods used in the studies (Section 4.1.6).

4.1.1. Document and Study Type Analysis

According to Figure 3, most documents were published as conference papers (n = 41,
58.6%), followed by journal articles (n = 26, 37.1%) and book chapters (n = 3, 4.3%). Based
on Figure 4, most documents were categorized into Experimental and Case studies (n = 36,
51.5%), followed by Proposal and Showcase studies (n = 19, 27.1%) and Theoretical and
Review studies (n = 15, 21.4%).
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4.1.2. Document Collection Analysis

Furthermore, the main characteristics of the 70 documents which were published
during the period of 2013-2024 in 46 different sources (e.g., journals, conferences, edited
books, etc.) are summarized in Table 1. The documents were written and published by
642 authors from 28 countries and had 3.99 co-authors on average. Of the 70 documents,
only five documents (7.1%) were single-authored. An annual growth rate of 25.35% is
observed, with documents being citable for 2.79 years on average and receiving 8.5 citations
on average. Additionally, the number of documents which authors have contributed to
was examined using Lotka’s law. Specifically, only one author (0.45) has contributed to
six documents, while three authors have contributed to five documents. Most authors
have contributed to one study (84.82). Given the specifications of the Bibliometrix tool, the
authors’ unique names were manually checked. Figure 5 depicts the related outcomes.

Table 1. Document collection information.

Description Results Description Results

Main information about
data Document types

Timespan 2013:2024 Journal article 27
Sources 46 Book chapter 3

Documents 70 Conference/Proceedings
paper 40

Annual Growth Rate % 25.35
Document Average Age 2.79 Authors
Average Citations per
Document 8.5 Authors 642

References 2332 Authors of single-authored
docs 32

Document contents Authors collaboration
Keywords Plus 482 Single-authored docs 5
Author’s Keywords 198 Co-authors per doc 3.99
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4.1.3. Document Publication Frequency Analysis

Figure 6 depicts the annual scientific production. Based on the annual growth rate
(25.35%), an increased interest in the specific topic is observed. The year 2023 was the
one with the most published documents, followed by 2024. Even though there is a slight
decrease in the documents published in 2024, due to the emergence of these technologies
and methods and their being more accessible and more widely used, it is expected that the
research around them will increase in the near future as the topic is still in its infancy.
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4.1.4. Sources Analysis

The 70 documents were published in 46 different sources. Bradford’s law was used
to better comprehend the impact and quality of the sources used. Three clusters (Cluster
1–3) were created to categorize the documents, with Cluster 1 having the most relevant
sources. Particularly, 7 sources (15.2%) that published 25 documents (35.7%) comprised
Cluster 1, 16 sources (34.8%) that published 22 documents (31.4%) comprised Cluster 2,
and 23 sources (50.0%) that published 23 documents (32.9%) comprised Cluster 3. Table 2
presents the sources of the first cluster, where “Source” is the name of the source, “Rank” is
the overall rank of the source, “Freq.” is the volume of documents published in the spe-
cific source, “cumFreq.” is the cumulative volume of published documents, and “Cluster”
represents the cluster in which each source was categorized in. Based on the outcomes of
applying Bradford’s law, “IEEE International Conference on Advanced Learning Technolo-
gies (ICALT)” (rank = 1 and freq. = 6), “ACM International Conference Proceeding Series”
(rank = 2 and freq. = 5), “CEUR Workshop Proceedings” (rank = 3 and freq. = 4), “IEEE
International Conference on Teaching, Assessment and Learning for Engineering (TALE)”
(rank = 4 and freq. = 3), “Lecture Notes in Computer Science (including subseries Lecture
Notes in Artificial Intelligence and Lecture Notes in Bioinformatics)” (rank = 5 and freq.
= 3), “British Journal of Educational Technology” (rank = 6 and freq. = 2), “Communica-
tions in Computer and Information Science” (rank = 7 and freq. = 2), “British Journal of
Educational Technology” (rank = 8 and freq. = 2), and “Communications in Computer and
Information Science” (rank = 9 and freq. = 2) were the top sources.
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Table 2. Most relevant sources of the document collection according to Bradford’s law.

Source Rank Freq. cumFreq. Cluster

“IEEE International Conference on Advanced Learning
Technologies (ICALT)” 1 6 6 1

“ACM International Conference Proceeding Series” 2 5 11 1
“CEUR Workshop Proceedings” 3 4 15 1
“IEEE International Conference on Teaching, Assessment and
Learning for Engineering (TALE)” 4 3 18 1

“Lecture Notes in Computer Science (including subseries
Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics)”

5 3 21 1

“British Journal of Educational Technology” 6 2 23 1
“Communications in Computer and Information Science” 7 2 25 1
“British Journal of Educational Technology” 6 2 23 1

4.1.5. Country Analysis

Moreover, the documents were published by authors from 28 different countries based
on the country of the corresponding author or the first author, in case no corresponding
author was specified. The distribution of the documents in the three aforementioned
categories and the number of published documents of each country are presented in
Figure 7. Specifically, Germany and Greece were the countries which published the most
documents with each having published nine documents (12.86%). Japan, Hong Kong,
and the United States followed with seven published documents each (10.00%). Hence,
Germany, Greece, Japan, Hong Kong, and the United States were the countries which
published the most documents. When considering the different categories of documents,
Germany contributed the most Theoretical and Review studies (n = 5), Greece and Japan
contributed the most Proposal and Showcase studies (n = 3), and Hong Kong and the United
States contributed the most Experimental and Case studies (n = 7). However, meaningful
and impactful contributions have been made from several other countries as well. Based on
the results presented in Figure 7, the significance of the topic is highlighted due to the global
interest it receives and the fact that countries from different continents, predominantly
Europe, Asia, and North America, contribute to developing both the theoretical and
practical aspects of the field.
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Moreover, among the 70 documents examined, 65 documents (92.86%) were authored
by an average of 3.99 authors, while only five documents (7.14%) were single-authored.
Despite this fact and the number of countries involved, there was a clear lack of global
collaborations. Specifically, among the 70 documents examined, only 14 (20.00%) involved
authors of multiple countries, while the vast majority of studies (n = 56, 80.00%) involved
only authors from the same country and/or institute. Even among these 14 global collabo-
rations, most involved the same set of authors. Hence, more efforts should be placed in
laying the foundations for more global collaborations to occur.

4.1.6. Analysis of the Technologies and Methods Used in the Studies

Furthermore, since this study investigates the utilization of extended reality tech-
nologies and their combination with educational data mining and learning analytics, the
frequency of the documents that put an emphasis on these technologies and methods was
explored. Based on Figure 8, it can be stated that most studies focused on virtual reality
technology (n = 43, 61.4%), followed by augmented reality technology (n = 27, 38.6%). Only
a few studies (n = 3, 4.3%) examined using educational data mining and learning analytics
in mixed reality settings. Thes outcomes are in line with the results of previous studies,
which showcase that although still at its early stages, virtual reality is more mature and
more widely examined when compared to augmented reality and mixed reality. Another
reason that has led to virtual reality being more widely studied is the related equipment
(e.g., virtual reality head-mounted devices) that are more advanced and developed in
comparison to augmented reality devices, as well as the fact that developing fully virtual
environments is more streamlined than the development of mixed reality environments.
However, given the fact that the integration of augmented reality has showcased positive
learning outcomes when integrated into classrooms and given the advances in the field,
it is expected that more emphasis will also be placed on augmented reality in the future.
It should be noted that 2 studies examined both augmented reality and virtual reality
and 1 study focused on both mixed reality and virtual reality. Hence, the total document
number presented in Figure 8 adds up to 73 and not to 70 which is the total number
of documents.
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According to the findings presented in Figure 9, most studies put an emphasis on
exploring using learning analytics within extended reality environments (n = 66, 94.29%),
while only 11 studies (15.71%) focused on using educational data mining. It should be
mentioned that seven studies explored using both educational data mining and learning
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analytics. Hence, the total number of documents presented in Figure 9 adds up to 77
and not to 70, which is the number of documents examined. Based on the findings,
it can be inferred that due to the data generated through extended reality experiences
utilizing learning analytics is more widely and frequently used to provide meaningful
inputs to both teachers and students. However, more recent studies have also started
to focus on capitalizing on using educational data mining to create more adaptive and
personalized learning experiences by trying to investigate the meaning behind the raw data.
Another reason that has led to this significant change in the number of studies that focus
on learning analytics and educational data mining is the fact that studies mostly utilized
raw data deriving from the applications and/or platforms used to examine students’
performance and actions and did not apply more advanced techniques to identify patterns,
create effective predictive models, and develop more efficient recommendation systems.
Additionally, based on the outcomes of Figure 9, it is evident that more emphasis should
be put on examining the implications of educational data mining within extended reality
environments to capitalize on the multimodal data generated within them.

Appl. Sci. 2025, 15, x FOR PEER REVIEW 15 of 39 
 

 

Figure 8. Distribution of studies based on the technology used. 

According to the findings presented in Figure 9, most studies put an emphasis on 
exploring using learning analytics within extended reality environments (n = 66, 94.29%), 
while only 11 studies (15.71%) focused on using educational data mining. It should be 
mentioned that seven studies explored using both educational data mining and learning 
analytics. Hence, the total number of documents presented in Figure 9 adds up to 77 and 
not to 70, which is the number of documents examined. Based on the findings, it can be 
inferred that due to the data generated through extended reality experiences utilizing 
learning analytics is more widely and frequently used to provide meaningful inputs to 
both teachers and students. However, more recent studies have also started to focus on 
capitalizing on using educational data mining to create more adaptive and personalized 
learning experiences by trying to investigate the meaning behind the raw data. Another 
reason that has led to this significant change in the number of studies that focus on learn-
ing analytics and educational data mining is the fact that studies mostly utilized raw data 
deriving from the applications and/or platforms used to examine students’ performance 
and actions and did not apply more advanced techniques to identify patterns, create ef-
fective predictive models, and develop more efficient recommendation systems. Addi-
tionally, based on the outcomes of Figure 9, it is evident that more emphasis should be 
put on examining the implications of educational data mining within extended reality 
environments to capitalize on the multimodal data generated within them. 

 
Figure 9. Distribution of studies based on the method used.

4.2. Theoretical and Review Studies

Of the 70 documents examined, 15 (21.43%) were classified within the Theoretical
and Review studies category. Although these studies did not present a specific application
or carried out a case study or an experiment, they added value to the field through their
theoretical contributions and analyses of these technologies. The Theoretical and Review
studies are presented in Table 3.

Table 3. Theoretical and Review studies.

Reference Title Year

[64] Towards evaluating and modelling the impacts of mobile-based augmented reality
applications on learning and engagement 2013

[65] A study on capturing learning data from virtual and mixed reality contents through
data collection API 2017

[66] Learning Analytics in Augmented Reality: Blueprint for an AR / xAPI Framework 2019
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Table 3. Cont.

Reference Title Year

[67] A Learning Analytics Theoretical Framework for STEM Education Virtual Reality
Applications 2020

[68] Theoretical Foundations of Virtual and Augmented Reality-Supported Learning
Analytics 2020

[69] Virtual Reality Application Integrated with Learning Analytics for Enhancing English
Pronunciation: A Conceptual Framework 2020

[70] What are the risks of Virtual Reality data? Learning Analytics, Algorithmic Bias and a
Fantasy of Perfect Data 2023

[71] ARLEAN: An Augmented Reality Learning Analytics Ethical Framework 2021

[72] A Learning Analytics Conceptual Framework for Augmented Reality-Supported
Educational Case Studies 2021

[73] On Top-Down Versus Bottom-up Personalisation and Evaluation of Augmented
Reality Learning Systems 2021

[74] An Architecture for Capturing and Presenting Learning Outcomes using Augmented
Reality Enhanced Analytics 2022

[75] A Modularity Approach in Design Science Research for Mixed Reality Learning
Artifacts 2023

[76] Augmented Reality User’s Experience: AI-Based Data Collection, Processing and
Analysis 2023

[77] Towards using the xAPI specification for Learning Analytics in Virtual Reality 2024

[78] Virtual, augmented reality and learning analytics impact on learners, and educators:
A systematic review 2024

The study of Kazanidis et al. [72] provided a conceptual framework for using learning
analytics within augmented reality applications. Their framework focused on providing
suggestions regarding appropriate design elements and instructional strategies to use when
creating augmented reality applications. Na et al. [69] presented a conceptual framework
that focused on integrating learning analytics into virtual reality applications. The study
also provided implications and suggestions for designing virtual reality applications and
capitalizing on learning analytics. Christopoulos and Pellas [68] provided some initial
theoretical foundations for augmented- and virtual reality learning analytics, which were
then further expanded in follow-up studies. Christopoulos et al. [67] also presented a
theoretical framework which focused on learning analytics and virtual reality applica-
tions. Their framework consisted of four dimensions and proposed a set of structural
elements that can be used when prototyping such systems or applications. In another
study, Christopoulos et al. [71] presented an ethical framework for using learning analytics
within augmented reality applications. Their framework takes into account the unique
traits of augmented reality applications and focuses on provided guidelines to designers
on how to integrate learning analytics within their practices to support learners.

Son and Cho [65] focused on the use of data collection API to capture learning data
from mixed reality and virtual reality contents that can then be analyzed through the use of
appropriate learning analytics techniques. The study showcased a method of extracting
learning data that was generated from virtual environments. The possibility to offer learners
customized learning paths and provide them with interesting and attractive learning
activities was highly regarded. Hensen [75] examined a modularity approach for mixed
reality learning artifacts. In the proposed open-source toolkit, solutions to integrate different
technologies within mixed reality environments and agents were presented and the use of
learning analytics to capitalize on the generated data was highlighted. Görzen et al. [77]
focused on using xAPI to examine the use of learning analytics within virtual reality settings.
Their work presented different data-tracking technologies and approaches for integrating
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xAPI for learning analytics. They reported that implementing learning analytics in virtual
reality learning environments can yield several benefits; however, there are requirements
and limitations that need to be considered.

Singh et al. [74] also explored how to capture, analyze, and present learning data
that derived from augmented reality applications. In their work, they presented a system
architecture for mobile devices and applications which consisted of various parts, such
as data collection, aggregation, and storage, process metrics, analytics presentation, learn-
ing outcomes, and affective factors analytics. The ability to support teachers in offering
personalized learning experiences to students through the use of such applications was high-
lighted. Sakr and Abdullah [78] examined the use of learning analytics within augmented
reality and virtual reality environments. Specifically, they reported that these technologies
can support educators and increase students’ performance. Finally, they commented upon
the need for institutions and industrial organization to adopt these technologies.

Poitras et al. [64] explored theoretical and practical frameworks regarding the use
of educational data mining techniques and their use in mobile-based augmented reality
applications. Their work highlighted that designing learning activities should follow the
theories of learning and instruction and aimed at modeling and evaluating the impacts of
design parameters on students’ learning and engagement. Secretan et al. [66] presented
an xAPI framework to combine learning analytics and augmented reality educational
experiences. The study also presented key design considerations and investigated system
requirements. Focusing on the use of learning analytics and educational data mining tech-
niques, Kurilovas [73] examined top–down and bottom–up approaches for personalizing
and evaluating augmented reality learning systems. The study also presented different
methods of identifying students’ preferences and explored different techniques to analyze
the generated data to offer personalized learning.

Sulema et al. [76] put an emphasis on the use of artificial intelligence tools to col-
lect, process, and analyze learning data deriving from augmented reality applications.
Specifically, besides the use of application-related data, they commented on the use of
feedback and interaction as a means of multimodal learning analytics that takes students’
motoric and physiological behavior into consideration to capture the social, situational,
and environmental contexts in which they are engaged. The study also showcased related
tools, sensors, and techniques to gather and present such data. Carter and Egliston [70]
focused on examining important issues related to the data that is generated from virtual
reality experiences. Specifically, their study focused on the use of learning analytics and
investigated the concept of algorithmic bias. They highlighted the need to regulate and
standardize the application of learning analytics to virtual reality generated data.

Based on the aforementioned studies, it is observed that efforts have been made to
propose and present relevant frameworks regarding learning analytics and their use in
augmented reality and virtual reality applications. However, little is known regarding
the adoption of educational data mining within these environments. To define effective
frameworks, it is important to consider the unique traits of extended reality technologies,
the characteristics of learning analytics and educational data mining, design options, and
ethical considerations. Additionally, studies have mentioned the use of appropriate APIs to
aid in the identification, tracking, and monitoring of the data to offer personalized learning
and customized learning paths. Efforts have also been made to present system architectures
to develop applications that integrate these technologies and approaches and are capable
of capturing, analyzing, and visualization learning data in real time and, in turn, aid both
students and teachers. The studies also highlighted the need to carefully examine the
influence of design elements on students’ interaction and learning performance and to
establish relevant learning and instruction theories and approaches. Artificial intelligence
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also arose as a key technology that can facilitate and improve the combination of extended
reality technologies with learning analytics and educational data mining. Finally, the
studies indicated that through the use of appropriate sensors, multimodal data generated
from extended reality environments can effectively be identified, processed, and analyzed
to provide students with interactive, immersive, adaptive, and personalized learning.

4.3. Proposal and Showcase Studies

In total, 19 (27.14%) studies were classified as Proposal and Showcase studies. Al-
though these studies did not carry out a case study or an experiment, they added value by
describing their prototype applicates and systems and going over design and development
considerations. The Proposal and Showcase studies are showcased in Table 4.

Table 4. Proposal and Showcase studies.

References Title Year

[79] Immersive Community Analytics for Wearable Enhanced Learning 2019
[80] MAGIS: mobile augmented reality games for instructional support 2019
[81] MAGES 3.0: Tying the knot of medical VR 2020
[82] Learning analytics: Virtual reality for programming course in higher education 2020
[83] Integrating xAPI in AR applications for Positive Behaviour Intervention and Support 2021
[84] Towards design guidelines for virtual reality training for the chemical industry 2021

[85] Web-Based 3D and 360◦ VR Materials for IoT Security Education and Test Supporting
Learning Analytics 2021

[86] Web-Based 3D and 360◦ VR Materials for IoT Security Education Supporting Learning
Analytics 2021

[87] COVID-19—VR Strikes Back: Innovative medical VR training 2021

[88] Usage of Visual Analytics to Support Immigration-Related, Personalised Language
Training Scenarios 2022

[89] Systematic Design for Effective Learning in Virtual Reality 2022

[90] Augmented Reality Enhanced Analytics to Measure and Mitigate Disengagement in
Teaching Young Children 2022

[91] Learning Analytics and Classroom Management in Specialized Environments:
Enhancing the VR Classroom for CS Teacher Education 2023

[92] Teaching the basics of computer graphics in virtual reality 2023
[93] cleAR: an interoperable architecture for multi-user AR-based school curricula 2023
[94] Learning analytics in VR: What if we can collect learning logs in VR classroom 2023

[95] EduVR: Towards an Evaluation Platform for User Interactions in Personalized Virtual
Reality Learning Environments 2023

[96] A Learning Analytics Dashboard to Investigate the Influence of Interaction in a VR
Learning Application 2024

[97] Towards Learning Analytics for Student Evaluation in the Metaversity 2024

Heinemann et al. [89] showcased a pilot system design for achieving effective learning
in virtual reality using learning analytics. In follow-up studies, Heinemann et al. [91,92]
examined the use of learning analytics and classroom management within virtual reality
environments. Their proposed system focused on computer science and capitalized on
virtual reality to offer immersive and interactive experiences and on learning analytics to
assist learners’ reflections. In another study, Heinemann et al. [96] showcased a learning
analytics dashboard that can be used within the context of a virtual reality application.
Using their proposed system, they aimed to evaluate the efficiency of interactive tasks
and other aspects of virtual reality experiences. Their system used xAPI, focused on
transferability, and tracked user behaviors.

Singh et al. [90] explored how augmented reality-enhanced analytics can be used
to measure young learners’ engagement. Their proposed system uses various learning



Appl. Sci. 2025, 15, 971 19 of 38

analytics components and integrates them into an augmented reality application. Their
focus is to evaluate students’ disengagement when compared to traditional ways of teaching
and learning. Masneri et al. [93] presented an architecture for multi-user augmented reality-
based school curricula. The study also explored the related literature and carried out a
survey to analyze the most suitable design objectives and architecture requirements for
their application based on teachers’ perspectives. The provision of customization, the
interactive experiences, the accessibility from different devices, and the collection of data
emerged as the most impactful features. Finally, they highlighted the use of data analytics
and commented upon the use of artificial intelligence-based module to undertake this task.

Using xAPI, Farella et al. [83] explored the use of learning analytics to track learners’
behaviors in augmented reality applications. Their proposed application will follow the
positive behavior intervention and support methodology and will be able to support be-
havioral lessons while also capitalizing on the benefits that augmented reality applications
bring. To support the educational process, Vidal et al. [80] proposed a framework for
developing augmented reality mobile applications. Using the suggested framework, they
developed an augmented reality application and integrated analytics to determine learners’
engagement and performance. Winer and Geri [97] explored the integration of learning
analytics into virtual reality environments to assess students’ experiences and performance.
They highlighted the significance of learning analytics to assist in developing, managing,
and operating teaching and learning within virtual environments. Their proposed system
follows the theory of constraints and uses different assessment methods.

Fracaro et al. [84] focused on presenting design guidelines for training industrial
stakeholders within virtual reality settings. Although the study explored different design
considerations, learning analytics emerged as one of the most impactful approaches to
enhance the effectiveness of training and learning in virtual reality. Antzoulatos et al. [88]
investigated the use of data analytics within virtual reality environments to support lan-
guage learning. Their application enabled learners to interact with virtual agents and
for meaningful information to be collected. Shi et al. [85,86] explored the use of learning
analytics within web-based 3D and 360-degree virtual reality environments. Specifically,
they presented a framework for creating e-learning material and quizzes that used linked
data. Additionally, they presented a prototype system that uses visual analyzing tools and
collects and analyzes data from learners’ activities.

Papagiannakis et al. [81] and Zikas et al. [87] demonstrated two virtual reality ap-
plications for medical training, which also integrated aspects of real-time data analytic
through the use of supervised machine learning. Their work highlighted the potential of
these technologies to offer training opportunities even in unprecedented events, such as
the COVID-19 pandemic. In their study, Viol et al. [95] presented their evaluation plat-
form for assessing user interactions in virtual learning environments. Specifically, they
focused on integrating learning analytics to personalize the overall experience through
the integration of xAPI. Klamma et al. [79] focused on examining the use of immersive
learning analytics to support different training scenarios. Their approach demonstrates
how collaborative immersive community analytics could be achieved when using wearable
devices to support learning.

ShengKai et al. [94] looked into the usefulness of learning logs in the context of virtual
reality classrooms. They highlighted the significance of learning analytics to identify
and track issues encountered by most students and to provide meaningful visualized
information to assist teachers. Srimadhaven et al. [82] explored the use of learning analytics
in the context of a virtual reality-based computer science course. The study goes over the
applicability of learning analytics within virtual reality environments and emphasizes their
use in supporting learners’ self-regulated learning and self-efficacy, as well as learners’
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affective and cognitive behaviors. The potential of supporting all learners despite their
learning performance was highly commented.

The studies examined highlighted the applicability of this approach to be integrated
into different educational levels and contexts. The studies emphasized the importance of
evaluating learners’ interaction with the applications and systems, their actions within the
virtual environments, and their performance. Additionally, the ability to support diverse
learners by identifying and tracking issues and challenges that they face and by monitoring
their actions, preferences, and behaviors was highlighted. The studies also commented
upon the need to define suitable design guidelines and objectives, to emphasize realism and
interactivity, and to compare the effectiveness of this approach with traditional teaching and
learning approaches. Through the pilot applications, the ability to offer teachers meaningful
visualized information and assist them to more effectively manage and coordinate their
classrooms was revealed. However, the need to develop appropriate learning material
and resources was also highlighted. The specific studies highlighted the need to monitor
learners’ engagement, interactions, experiences, and performance within virtual learning
environments and highly regarded the use of artificial intelligence and virtual agents to
enhance the provision of personalized learning.

4.4. Experimental and Case Studies

Of the 70 documents, 36 documents (51.43%) were classified as Experimental and Case
studies. These studies involved the related technologies and either developed and applied
a system or an application or applied an existing one and evaluated its effect. The related
documents are presented in Table 5. Given the nature of these studies, a more in-depth
content analysis was carried out.

Table 5. Experimental and Case studies.

References Title Year

[98] Augmented reality crossover gamified design for sustainable engineering education 2016

[99] Evaluating a mixed reality 3D virtual campus with big data and learning analytics: A
transversal study 2016

[100] Analyzing heterogeneous learning logs using the iterative convergence method 2017
[101] Bringing Abstract Academic Integrity and Ethical Concepts into Real-Life Situations 2017

[102] Data-Driven Construction of a Student Model Using Bayesian Networks in an
Electrical Domain 2017

[103] A virtual reality game for teaching graph theory: A study of its effectiveness in
improving outcomes and encouraging autonomy 2018

[104] Assessing the Efficacy of VR for Foreign Language Learning Using Multimodal
Learning Analytics 2019

[105] Beyond Reality-Extending a Presentation Trainer with an Immersive VR Module 2019

[106] Exploring the treatment integrity of virtual reality-based social skills training for
children with high-functioning autism 2019

[107] The Role of Active Engagement of Peer Observation in the Acquisition of Surgical
Skills in Virtual Reality Tasks for Novices 2019

[108] Biosensor Real-Time Affective Analytics in Virtual and Mixed Reality Medical
Education Serious Games: Cohort Study 2020

[109] Development of engineering educational support system for manufacturing using
Augmented Reality 2020

[110] Emotional characterization of children through a learning environment using learning
analytics and AR-Sandbox 2020

[111] Learning analytics for student modeling in virtual reality training systems:
Lineworkers case 2020

[112] The development and evaluation of an augmented reality learning system for
Japanese compound verbs using learning analytics 2020
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Table 5. Cont.

References Title Year

[113] Can you Escape from Dr. Tom Cat’s Lab? Educational Escape Rooms with Scientists,
Riddles and Serious Games as Learning Tools 2021

[114] Effect of Collaboration Mode and Position Arrangement on Immersive Analytics
Tasks in Virtual Reality: A Pilot Study 2021

[115] A Distance Learning VR Technology Tool for Science Labs 2022

[116] Learning Analytics Enabled Virtual Reality Content Creation Platform: System
Design and Preliminary Evaluation 2022

[117] Needs Analysis and Prototype Evaluation of Student-facing LA Dashboard for Virtual
Reality Content Creation 2022

[118] The design and evaluation of an AR-based serious game to teach programming 2022
[119] Towards Multi-modal Evaluation of Eye-tracked Virtual Heritage Environment 2022

[120] A study on learning analytics of using mobile augmented reality application to
enhance cultural competence for design cultural creation in higher education 2023

[121] An Empirical Evaluation of Educational Data Mining Techniques in a Dynamic VR
Application 2023

[122] Automated Analysis of Text in Student-created Virtual Reality Content 2023

[123] Experience the Theory: New Perspectives Through VR Learning Environments for
Photography Education 2023

[124] Learning Analytics for Assessing Hands-on Laboratory Skills in Science Classrooms
Using Bayesian Network Analysis 2023

[125] Using Deep Learning to Track Representational Flexibility Development of Children
with Autism in a Virtual World 2023

[126] Using learning analytics to investigate learning processes and behavioural patterns in
an augmented reality language learning environment 2023

[127] A Platform for Analyzing Students’ Behavior in Virtual Spaces on Mozilla Hubs 2024

[128] Applying multimodal data fusion to track autistic adolescents’ representational
flexibility development during virtual reality-based training 2024

[129] Approximating eye gaze with head pose in a virtual reality microteaching scenario for
pre-service teachers 2024

[130] In-game performance: The role of students’ socio-economic status, self-efficacy and
situational interest in an augmented reality game 2024

[131] Unveiling Synchrony of Learners′ Multimodal Data in Collaborative Maker Activities 2024

[132] Utilizing augmented reality for embodied mental rotation training: A learning
analytics study 2024

[133] Learning Analytics for Collaboration Quality Assessment during Virtual Reality
Content Creation 2024

Most of the documents of this category were published in 2023 (n = 8, 22.2%), fol-
lowed by 2022 (n = 7, 19.4%). Additionally, most documents were published in confer-
ences/proceedings (n = 19, 52.8%), 16 documents (55.4%) were published in journals, and
only one document (2.8%) was published in an edited book. Hong Kong (n = 7, 19.4%) and
the United States (n = 7, 19.4%) contributed the most documents, followed by Japan (n = 4,
11.1%), Greece (n = 3, 8.3%), and Taiwan (n = 3, 8.3%). The remaining 12 documents were
published by 12 different countries.

Furthermore, all studies involved face-to-face learning. As no study focused on online
learning, there is a need to further explore the use of these technologies and methods in
online learning settings as well. Additionally, studies were conducted in both formal and
informal settings, highlighting the applicability of this approach. Studies mostly put an
emphasis on higher education (66.7%) and to a lesser extent on secondary education (16.6%)
and primary education (11.1%). Two of the studies (5.6%) involved diverse participants
(e.g., ages, expertise, etc.) and were not categorized into any of these education levels
Table 6. The vast majority of the studies involved only students (88.9%), while two studies
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involved both students and teachers (5.55%), and two studies involved various participants
(5.55%), as can be seen in Table 7. On average, each study involved 108 participants. Hence,
the emphasis on students is highlighted.

Table 6. Education-level distribution.

Education Level Freq. Perc. References

Primary Education 4 11.1% [100,106,110,116]
Secondary
Education 6 16.6% [98,109,124,125,128,130]

Higher Education 24 66.7% [99,101–104,107,108,111–115,117–
120,122,123,126,127,129,131–133]

Included various
participants 2 5.6% [105,121]

Table 7. Participant distribution.

Participants Freq. Perc. References

Students 32 88.9% [98,100–104,106–115,117–120,122–133]
Students and
teachers 2 5.6% [99,116]

Various 2 5.6% [105,121]

Furthermore, the technology and the method which the studies focused on were also
explored. Most studies put an emphasis on virtual reality (n = 22, 61.1%) and, to a lesser
extent, on augmented reality (n = 13, 36.1%). Only one study focused on mixed reality
(2.8%), as can be seen in Table 8. Additionally, significantly more emphasis was put on
learning analytics (n = 28, 77.8%) than educational data mining (n = 3, 8.3%). However,
five studies (13.9%) explored both learning analytics and educational data mining. The
related information is presented in Table 9.

Table 8. Technology distribution.

Technology Freq. Perc. References

Virtual reality 22 61.1% [102–108,111,114–117,119,121–123,125,127–
129,131,133]

Augmented reality 13 36.1% [98,100,101,109,110,112,113,118,120,124,
126,130,132]

Mixed reality 1 2.8% [99]

Table 9. Method distribution.

Method Freq. Perc. References

Learning analytics 28 77.8% [98–100,103–109,111–
120,123,126,127,129–133]

Learning analytics and
educational data mining 5 13.9% [101,110,122,124,128]

Educational data mining 3 8.3% [102,121,125]

Table 10 presents the distribution of the systems used within the studies. Based on the
outcomes, most studies focused on virtual learning environments (n = 17, 47.2%), followed
by mobile applications (n = 9, 25.0%) and digital games (16.7%). Only 3 studies (8.3%)
focused on platforms and a single study (2.8%) adopted a sandbox in their experiments.
However, little information was given regarding the tools and approaches used to develop



Appl. Sci. 2025, 15, 971 23 of 38

the specific systems as the vast majority of studies did not report the platform or the
tools they used during the development process. Of the ones that did, Unity arose as the
most popular development platform [105,115,121,123,129], followed by Mozilla Hubs [127].
Similarly, in the case of educational data mining, only a few studies specified the techniques
used. It should also be noted that a lack of information regarding machine learning and
deep learning approaches was observed in the documents examined. Among the ones
that did, machine learning and deep learning techniques, models, and approaches such as
Bayesian networks [102,121,124], DBSCAN algorithm [110], supervised machine learning
using multilayer perceptron (MLP) [125], and support vector machines (SVM), decision
trees, and random forest under multimodal and unimodal approaches [128] were used.
Lastly, a lack of information was observed regarding the equipment used during the
experiment process. Of the 36 studies, only six (16.67%) reported the exact equipment used.
Meta Quest 2 (n = 3) [121,123,129], Oculus Rift (n = 3) [103,104,114], and Microsoft Hololens
(n = 2) [105,108] were mostly used.

Table 10. System distribution.

System Freq. Perc. References

Virtual learning environments 17 47.2% [99,102,104,105,107,111,114–
117,119,122,123,125,127–129]

Mobile applications 9 25.0% [98,100,101,109,112,120,124,126,132]
Digital games 6 16.7% [103,108,113,118,121,130]
Platforms 3 8.3% [106,131,133]
Sandbox 1 2.8% [110]

Focusing on the research approaches adopted by the studies, the research methods
used, the variables examined, and the experimental designs were examined. Specifically,
and given the nature of the data generated, most studies adopted a quantitative research
methodology (n = 27, 75.0%), while only a single study (2.8%) followed a qualitative
research methodology. A total of eight studies (22.2%) adopted a mixed-method research
approach. The related information is presented in Table 11. Although some studies focused
on the collection and analysis of log files as well as application, system, or game-related data
(50.0%), other studies also used other data collection tools (e.g., surveys, questionnaires,
interview, observations, etc.) (50.0%). Most of the studies that used additional data
collection tools opted for ad hoc tools. However, few studies also integrated existing tools,
such as those presented in [134–138]. Table 12 presents the related data.

Table 11. Research methods.

Research method Freq. Perc. References

Quantitative 27 75.0% [100,102,105,107–116,119,121–133]
Mixed 8 22.2% [98,99,101,103,104,106,118,120]
Qualitative 1 2.8% [117]

Table 12. Data collection.

Data Collection Freq. Perc. References

Data from the application 18 50.0% [100,102,107,108,110,111,113,115,121,122,124–
129,131,133]

Data from the application and other
means (questionnaires, surveys,
observations, interviews, etc.)

18 50.0% [98,99,101,103–106,109,112,114,116–
120,123,130,132]
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Finally, the experimental design adopted was also explored, as can be seen in Table 13.
Specifically, the majority of studies (n = 29, 80.6%) focused solely on an experimental
group, while seven (19.4%) studies used both an experimental and a control group in their
experiments. Given the ability to collect data in several stages of the experimental process,
due to the technologies and methods used, studies focus on collection data, before, during,
and after the interventions. Most studies capitalized on the data generated during the use
of the applications, systems, or games and the ability to analyze them in real time and as a
result, the studies focused on collecting data during the intervention. Finally, the variables
that were mostly examined in the studies are summarized below:

• Performance, score, and time.
• Decisions, choices, and responses.
• Number of correct and wrong responses, number of tries, and amount of assistance

received.
• Time-on-task, dropout rate, task completion rate, and overall completion rate.
• Usefulness, satisfaction, enjoyment, and realism.
• Ease of learning and ease of use.
• Learners’ knowledge, skills perspectives, and progression.
• Behavioral, cognitive, and affective states.
• Learners’ actions, engagement, experiences, focus, and stress.
• Learning gains, learning effectiveness, and learning behaviors.
• Movement and position.
• Head-, hand-, and eye-tracking, visual attention, and regions of interest.
• Interactions with virtual content, virtual objects, and educational material.

Table 13. Experimental design.

Experimental
Design Freq. Perc. Data Collection Freq. Perc. References

Experimental
group 29 80.6%

After the intervention 2 6.9% [107,117]
Before and after the
intervention 3 10.3% [112,118,119]

Before, during, and after the
intervention 2 6.9% [98,109]

During and after the
intervention 7 24.1% [99,101,103,105,116,123,

130]

During the intervention 15 51.7%
[100,102,106,108,110,
113,115,121,122,124,125,
127–129,131]

Experimental
group and
control group

7 19.4%

Before and after the
intervention 2 28.6% [126,132]

Before, during, and after the
intervention 1 14.3% [114]

During and after the
intervention 2 28.6% [104,120]

During the intervention 2 28.6% [111,133]

5. Discussion
Augmented reality and virtual reality are more widely being adopted in educational

settings. Additionally, studies have showcased the benefits that can be yielded when
integrating learning and analytics and educational data mining within extended reality
environments. To identify the most prominent topics and areas of research, as well as
directions for future research, the 70 documents were further analyzed. Specifically, the
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author keywords and the keywords plus/indexed keywords were used as they both can
efficiently present the knowledge structure of the documents [139].

In Figure 10, the most commonly used keywords plus/indexed keywords are pre-
sented, while the most frequently used author keywords are displayed in Figure 11. “Virtual
reality”, “learning analytics”, “e-learning”, “augmented reality”, “students”, “learning
systems”, “computer-aided instruction”, “engineering education”, “eye-tracking”, “com-
puting education”, “educational data mining”, “teachers” were the most common keywords
plus/indexed keywords, while “learning analytics”, “virtual reality”, “augmented reality”,
“education”, “machine learning” “multimodal learning analytics”, “educational data min-
ing”, “technology-enhanced learning”, “evaluation”, “eye-tracking”, “language learning”,
“mobile learning” were the most frequently used keywords by the authors.
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Furthermore, the keywords were also used to examine the trend topics contained
within the document collection. Based on the outcomes presented in Figure 12, the initial
focus on data mining and the gradual transition to educational data mining and on learning
analytics are observed. Additionally, the focus on augmented reality and virtual reality
started in 2020; however, most of the emphasis was placed on virtual reality. As the field
advances, more attention is drawn to the multimodal data that can be generated from
extended reality experiences, which can greatly contribute to the improvement of the
educational process. Their use in e-learning settings and in serious games as well as their
ability to improve computer-aided instructions are also evident. These outcomes are in line
with the most commonly used keywords.
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The thematic map of the topic revealed 11 main themes that were separated into
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“Educational Technology”, and “Learning scenarios”; and (ii) “Content creation”, “Active
learning”, and “Learning performance”. The themes that emerged within the emerging or
declining theme category were related to (i) “Gamification”, (ii) “STEM education”, and
(iii) “Medical education” and “Healthcare education”. Based on these results, it can be
inferred that an emphasis is put on the multimodal learning analytics, game-based learning,
immersive learning, students’ performance, and collaborative learning. Additionally, some
studies focus on the design elements and software-related considerations associated with
these technologies and methods. At the core of this field lies the use of learning analytics
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in augmented reality and virtual reality technologies, their being used to create suitable
content that increases learners’ active involvement and performance, as well as the ex-
amination of their role in the context of educational technology and education in general.
Their use in medical education and healthcare education is widely examined. Finally,
there is increasing interest in the use of these approaches in combination with gamification
elements and in their role in STEM education. Recent studies have highlighted the positive
impact of gamification in education [140–144] and its close relationship with augmented
reality [48] and virtual reality technologies [52].
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Through a co-occurrence analysis, the relation between the keywords was further
explored to identify the most prevalent clusters. Specifically, the outcomes of the co-
occurrence network created through Bibliometrix using keywords plus/indexed keywords
is presented in Figure 14, while the one created through VOSviewer using both keywords
plus/indexed keywords and author keywords is depicted in Figure 15.
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In the network presented in Figure 13, three main clusters emerged. The first cluster
(green color) was associated with the following keywords: “learning analytics”, “aug-
mented reality”, “students”, “learning systems”, “computer-aided instruction”, “engineer-
ing education”, “computing education”, “educational data mining:”, ”teachers”, “data
mining”, “education”, “serious games” “technology-enhanced learning”, “mixed reality”,
“artificial intelligence”, “curricula”, “game-based learning”, “immersive technologies”,
“learn”, “learning experiences”, “mobile learning”, “user interaction”, and “architecture”.
The second cluster (red color) was associated with the following keywords: “virtual reality”,
“e-learning”, “eye-tracking”, “multi-modal learning”, “multimodal learning analytics”,
“content creation”, “teaching”, “data visualization”, “immersive”, “internet of things”,
“learning activity”, “learning opportunity”, “learning process”, “personnel training”, “stem
education”, “virtual reality training”, “autism spectrum disorder”, and “dashboard”. The
third cluster was related to the following keywords: “performance”, “computer games”,
and “digital games”.

In the network presented in Figure 14, a total of five clusters arose. The first clus-
ter (red color) was related to the following keywords: “augmented reality”, “learning
analytics”, “learning systems”, “mobile learning”, “serious games”, and “language learn-
ing”. The second cluster (green color) consisted of the keywords: “artificial intelligence”,
“computer-aided instruction”, “data mining”, “education”, “educational data mining”,
“machine learning”, and “stem education”. The third cluster (blue color) comprised of the
following keywords: “virtual reality”, “e-learning”, “eye-tracking”, “multi-modal learn-
ing”, “multimodal learning analytics”, and “technology-enhanced learning”. The fourth
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cluster (yellow color) had the following keywords: “content creation”, “evaluation”, “stu-
dents”, and “teachers”. The fifth cluster (purple color) was associated with the following
keywords: “computing education”, “engineering education”, and “teaching”. The top-10
keywords with the highest total link strength are presented in Table 14. Of the keywords
used, “learning analytics” (155), “virtual reality” (144), “e-learning” (139), “students” (112),
and “augmented reality” (91) had the highest total link strength. These outcomes showcase,
once again, the close relationship of learning analytics with virtual reality and augmented
reality technologies. The outcomes of these networks highlight the versatile nature and
wide applicability of both augmented reality and virtual reality, as well as of learning
analytics and educational data mining. Additionally, they depict their ability to support
both students and teachers and be integrated in various subjects and education levels. Their
close relationship with machine learning and artificial intelligence is also evident. Their
ability to promote technology-enhanced learning, to provide personalized and adaptive
computer-aided instructions and feedback, to be used together with other educational
and pedagogical approaches as well as to capitalize on the real-time identification and
processing of multi-modal data is displayed.

Table 14. Co-occurrence analysis—total link strength.

Keywords Occurrences Total Link Strength Keywords Occurrences Total Link Strength

learning analytics 45 155 machine learning 6 27
virtual reality 41 144 multi-modal learning 6 25
e-learning 31 139 multimodal learning analytics 7 25
students 23 112 teaching 4 25
augmented reality 27 91 eye-tracking 4 23
learning systems 12 62 artificial intelligence 4 19
computer-aided
instruction 9 52 mobile learning 4 17

computing education 7 48 stem education 4 16

education 10 45 technology-enhanced
learning 5 16

data mining 5 37 serious games 5 15
teachers 7 36 content creation 4 13
engineering
education 8 32 language learning 4 12

educational data
mining 7 30 evaluation 4 10

These outcomes are further validated and expanded through the topic modeling anal-
ysis. Specifically, LDA was used and the title and abstract of the documents were examined.
In total, five main topics emerged. These topics were related to (1) Interactive and immer-
sive content and activities (e.g., content creation (3.18), maker activities (3.11), learning
activities (0.46), immersive technologies (0.44), etc.); (2) Data collection and processing
(e.g., real time (7.52), data collected (3.6), learning process (0.56), learning data (0.16), etc.);
(3) Learning process and outcomes (e.g., learning process (8.06), students’ learning (0.17),
learning environment (0.17), learning outcomes (0.17), immersive technologies (0.17), etc.);
(4) Immersive learning and immersive learning environments (e.g., learning environments
(8.25), immersive technologies (3.70), real world (3.50), students learning (0.17), learning
activities (0.17), etc.); and (5) Game-based learning (e.g., based learning (4.20), learning
outcomes (4.13), game based (3.56), students learning (1.50), immersive technologies (0.17),
etc.). The outcomes of the topic modeling better highlight the ability of these technologies
and methods to provide interactive and immersive content and activities and their ability to
identify, collection, and process data in real time. Additionally, they reveal their potential to
support and enrich learning processes and learning outcomes through the immersive learn-
ing environments that they offer and their ability to support other educational approaches,
such as gamification and game-based learning.
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Based on the aforementioned, it can be inferred that the combination of learning
technologies and educational data mining within augmented reality and virtual reality
environments can significantly improve teaching and learning activities and enrich the
overall educational process. The studies examined report positive outcomes in terms of
learning gains, learning outcomes, students’ motivation and engagement, and the provision
of personalized learning. Additionally, this combination not only supports students in their
learning but also aids teachers to more effectively teach, supervise, and mentor students.

Due to its nature, it can be used to support different learning strategies and approaches,
such as blended learning, personalized learning, and flipped classrooms while also supple-
menting teachers with real-time access to information relevant to students’ engagement,
interest, and performance [65,115,126]. These tools enable real-time identification, tracking,
monitoring, and analysis of basic data and multimodal data of the learning process as well
as of students’ behavior, emotions, cognitive and affective states, and complex cognitive
skill development [70,75,76,108,110,125,127–129], which, in turn, can lead to the develop-
ment of effective student models [102,111]. Machine learning and deep learning play a
vital role in the realization of learning analytics and educational data mining [145–147].

These immersive and personalized environments enable experiential, hands-on learning [123,124],
offer authentic and realistic learning [65], and provide students with a sense of freedom [103].
Additionally, they promote and support social learning and collaborative learning in
both co-located and distributed collaborative learning scenarios [100,106,114,131,133]. The
provision of additional virtual information and feedback is viewed as interesting, under-
standable, and useful and supports learners, particularly those that are characterized as
visual, sensor, and intuitive learners [73,103,119]. Due to these traits, students express
positive attitudes toward these experiences [105]. Additionally, it can improve students
understanding, performance, knowledge retention, and skills [112,118,120,122,123,132],
increase their confidence [69], enhance their learning motivation and engagement [107,113],
and promote students’ self-efficacy [130] and self-regulated learning [117]. Hence, this
combination of technologies and methods can create new learning opportunities in both
formal and informal learning environments [98] and positively affect various subjects
within an academic curriculum [101].

Additionally, this approach can effectively support special education [128] and enable
the identification of errors in the learning design process [121]. Besides its ability to support
students, this combination can also effectively support teachers [78], by automating mun-
dane tasks [99], monitoring students’ attention and focus [129], improving the evaluation
and assessment processes [104], supporting learning and classroom management [109,116],
and enabling teachers to provide students with personalized feedback and guidance ac-
cording to their learning needs [74]. Therefore, it can be inferred that the integration of
learning analytics and educational data mining within augmented reality and virtual re-
ality environments and their adoption in classrooms can result in more efficient teaching
and learning.

6. Conclusions
Individually, learning analytics, educational data mining, augmented reality, and

virtual reality constitute well-established research fields. However, the integration of
learning analytics and educational data mining within augmented reality and virtual reality
is a novel topic that is experiencing increasing interest. Consequently, this study conducted
a systematic literature review, a content analysis, and a bibliometric and scientific mapping
analysis to examine the combination of these technologies and methods, their role in
education, and their impact on teaching and learning.
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Specifically, following the PRISMA framework, 70 relevant documents published from
2013 to 2024 were identified from ACM, ERIC, IEEE, ScienceDirect, Scopus, and WoS. The
documents were separated into the following three categories: (i) Theoretical and Review
studies, (ii) Proposal and Showcase studies, and (iii) Experimental and Case studies. The
analysis explored different dimensions of the document collection and put an emphasis
on both quantitative and qualitative analysis of the content. Additionally, the content
analysis focused on identifying and examining key aspects within each category. The
documents were further processed using scientometric tools, such as Bibliometrix and
VOSviewer. Topic modeling through LDA was also used to further explore the merging
topic. Finally, the results were discussed and the related outcomes in terms of the impact
of this combination on teaching and learning were summarized. However, the use of
six databases to retrieve related documents and the analysis of documents written only in
English can be regarded as the main limitations of this study.

Based on the outcomes of this study, it can be inferred that the combination of learning
analytics and educational data mining with augmented reality, virtual reality, and the
metaverse can effectively support education and positively impact teaching and learning.
The outcomes of the studies of all three categories highlighted the benefits that can be
yielded through this integration for both students and teachers.

Specifically, this combination can support different educational approaches and strate-
gies and tend to the needs of various learning styles and learners who positively view and
assess its integration in education. A significant benefit yielded from this combination is
the creation of immersive, intelligent, and interactive virtual learning environments that
also enable the real-time identification, tracking, monitoring, and analysis of multimodal
learning data of students’ behavior, emotions, cognitive and affective states, as well as the
overall learning and teaching processes, which is something that is not feasible through
the use of other learning technologies. Hence, immersive intelligent tutoring systems that
promote embodied learning, support the psychological, pedagogical, and technological as-
pects of the educational process, and offer evidence-based, real-time, and affective learning
analytics can be created.

Additionally, students can engage in experiential and authentic learning within these
safe and immersive learning environments which also promote and support collaborative
learning and social learning. Through their involvement in such experiences and environ-
ments, students’ engagement, motivation, and confidence can be improved. Additionally,
their skills, knowledge, knowledge retention, performance, and understanding can be
increased. Students’ self-regulated learning and self-efficacy can also be enhanced through
the personalized learning experiences offered. Teachers can also be supported via these
technologies and methods through the automation of tasks, improved monitoring, man-
agement, and assessment, and the provision of personalized feedback and guidance to
students based on their learning needs. As a result, the combination of learning analytics
and educational data mining with augmented reality and virtual reality can constitute an
effective educational means that leads to deep and meaningful learning and can create new
learning opportunities in both formal and informal learning environments.

The outcomes of this study also reveal existing gaps in the literature. Specifically, there
is a clear need for more experimental studies to be carried out in different educational
settings to better understand their impact in education. Future studies should also focus
on examining the perspectives of education stakeholders. There is also a need to develop
effective standards and guidelines to examine how learning design implications affect their
introduction, integration, and impact on teaching and learning. How to effectively design
and develop suitable learning material is another area that needs to be further explored.
Additionally, future studies should put an emphasis on evaluating the effectiveness of this
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approach in terms of learning gains and academic performance in prolonged interventions.
Given the nature of these technologies and approaches, it is also important to explore
how different socio-cultural factors affect their integration and influence. There is also a
need to explore their potential to support social and collaborative learning and their use in
distance education. Finally, due to the lack of information reported in the studies examined
regarding the machine learning and deep learning techniques used, there is a clear need to
further explore them in future studies.

Author Contributions: Conceptualization, G.L.; methodology, G.L.; software, G.L.; validation, G.L.;
formal analysis, G.L.; investigation, G.L.; data curation, G.L.; writing—original draft preparation,
G.L.; writing—review and editing, G.L. and G.E.; visualization, G.L.; supervision, G.L. All authors
have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Williamson, B. Big Data in Education: The digital Future of Learning, Policy and Practice; SAGE Publications Ltd.: Thousand Oaks,

CA, USA, 2017; ISBN 9781529714920. [CrossRef]
2. Lampropoulos, G. Educational data mining and learning analytics in the 21st century. In Encyclopedia of Data Science and Machine

Learning; IGI Global: Hershey, PA, USA, 2023; pp. 1642–1651. [CrossRef]
3. Romero, C.; Ventura, S. Educational data mining and learning analytics: An updated survey. WIREs Data Min. Knowl. Discov.

2020, 10, e1355. [CrossRef]
4. Romero, C.; Ventura, S. Data mining in education. WIREs Data Min. Knowl. Discov. 2012, 3, 12–27. [CrossRef]
5. Romero, C.; Ventura, S. Educational Data Mining: A Review of the State of the Art. IEEE Trans. Syst. Man Cybern. Part C (Appl.

Rev.) 2010, 40, 601–618. [CrossRef]
6. Baradwaj, B.K.; Pal, S. Mining Educational Data to Analyze Students’ Performance. arXiv 2012, arXiv:1201.3417. [CrossRef]
7. Baek, C.; Doleck, T. Educational Data Mining: A Bibliometric Analysis of an Emerging Field. IEEE Access 2022, 10, 31289–31296.

[CrossRef]
8. Waheed, H.; Hassan, S.-U.; Aljohani, N.R.; Wasif, M. A bibliometric perspective of learning analytics research landscape. Behav.

Inf. Technol. 2018, 37, 941–957. [CrossRef]
9. Saa, A.A. Educational data mining & students’ performance prediction. Int. J. Adv. Comput. Sci. Appl. 2016, 7, 212–220.
10. Bienkowski, M.; Feng, M.; Means, B. Enhancing Teaching and Learning Through Educational Data Mining and Learning Analytics: An

Issue Brief ; Office of Educational Technology, US Department of Education: Washington, DC, USA, 2012.
11. Baker, R.S. Challenges for the future of educational data mining: The baker learning analytics prizes. J. Educ. Data Min. 2019, 11,

1–17. [CrossRef]
12. Siemens, G.; Baker, R.S.d. Learning analytics and educational data mining: Towards communication and collaboration. In

Proceedings of the 2nd International Conference on Learning Analytics and Knowledge, Vancouver, BC, Canada, 29 April–2 May
2012; pp. 252–254. [CrossRef]

13. Liñán, L.C.; Pérez, Á.A.J. Educational data mining and learning analytics: Differences, similarities, and time evolution. Int. J.
Educ. Technol. High. Educ. 2015, 12, 98–112. [CrossRef]

14. Ferguson, R. Learning analytics: Drivers, developments and challenges. Int. J. Technol. Enhanc. Learn. 2012, 4, 304–317. [CrossRef]
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