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Abstract: This study explores the integration of artificial intelligence (AI) into educational
data mining (EDM), human-assisted machine learning (HITL-ML), and machine-assisted
teaching, with the aim of improving adaptive and personalized learning environments. A
systematic review of the scientific literature was conducted, analyzing 370 articles pub-
lished between 2006 and 2024. The research examines how Al can support the identification
of learning patterns and individual student needs. Through EDM, student data are ana-
lyzed to predict student performance and enable timely interventions. HITL-ML ensures
that educators remain in control, allowing them to adjust the system according to their
pedagogical goals and minimizing potential biases. Machine-assisted teaching allows Al
processes to be structured around specific learning criteria, ensuring relevance to educa-
tional outcomes. The findings suggest that these Al applications can significantly improve
personalized learning, student tracking, and resource optimization in educational insti-
tutions. The study highlights ethical considerations, such as the need to protect privacy,
ensure the transparency of algorithms, and promote equity, to ensure inclusive and fair
learning environments. Responsible implementation of these methods could significantly
improve educational quality.

Keywords: artificial intelligence; educational data mining; machine learning; machine-assisted
teaching; scientific production

1. Introduction

Artificial intelligence (AI) has emerged as a disruptive force across multiple domains,
and education is no exception. The integration of advanced educational data mining (EDM)
and machine-learning (ML) techniques has begun to redefine traditional pedagogical
paradigms [1,2]. In the current context, characterized by an exponential increase in the
availability of educational data, it is imperative to capitalize on these data to optimize
teaching and learning processes. This study is situated at this critical intersection, analyzing
the implementation of Al in EDM and the human-in-the-loop (HITL) approach within the
ML and automated teaching (AT) frameworks [3,4].

The transformation of the educational context in the digital age has generated a vast
amount of real-time data that reflect student performance, interactions, and preferences.
The ability to analyze and extract meaningful insights from these data enables the design
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of more personalized and effective learning environments. However, the adoption of Al
systems in education poses technical, ethical, and pedagogical challenges that require a
multidimensional approach to maximize their potential [5]. This is particularly relevant in
a context where equity and inclusion are imperative in the global educational agenda.

An essential aspect of applying Al in education is the integration of the HITL approach,
which fosters collaboration between educators and automated systems. This approach
allows educators to play an active role in the design and adaptation of Al algorithms,
ensuring that they are contextually relevant and pedagogically valid. Contemporary
literature has shown that the inclusion of human expertise can increase the effectiveness
and quality of Al systems, while mitigating inherent biases and potential errors that could
negatively impact the educational process [6].

The concept of machine teaching (MT) represents another fundamental component of
this research. This paradigm allows educators to use Al as a complementary tool, and also
facilitates the creation of learning experiences in which automated systems take a proactive
role in instruction [7,8]. Through algorithms that learn from teachers’ pedagogical strategies,
MT has the potential to provide more adaptive and contextualized learning. Recent research
has underlined the ability of this approach to improve educational outcomes by creating
more relevant and personalized learning experiences.

The current body of literature on EDM and ML in education highlights diverse appli-
cations, ranging from predicting academic performance to identifying patterns of learning
behavior. However, controversies also emerge regarding data privacy, ethics in the use of
algorithms in educational contexts, and the ability of these systems to emulate the com-
plexity of human learning. Some studies suggest that while Al systems can offer accurate
recommendations, their inability to capture the richness of the educational context can
result in overly reductionist teaching approaches that fail to meet individual students’
needs [9,10].

The aim of the study is to prove/refute the possibility/effectiveness of using Al to
determine the personalized needs of students by introducing into pedagogical practice
some elements of machine learning and an element of manual verification of the ethics of
Al advice.

A systematic review of the existing literature will be conducted, assessing the method-
ologies used, the pedagogical approaches adopted, and the results obtained. This analysis
will identify the main lines of research and map the development of the area, revealing the
connections between previous studies and emerging areas of research. By addressing this
need, it is intended to provide a comprehensive perspective on the current state of research
in this area, highlighting both the opportunities and the associated challenges.

The preliminary findings of this study suggest that the synergy between educators
and Al systems can enhance pedagogical effectiveness and also address ethical and equity
issues in education. As technology continues to advance, it is key that additional research
is conducted to unravel how these systems can be effectively integrated into educational
practice, maximizing their transformative capacity [11,12].

This research seeks to contribute to the deep understanding of how Al can influence
the educational area through data mining and ML. Recommendations for future research
will be presented, and the need to adopt an ethical and collaborative approach in the
implementation of these technologies in educational contexts will be emphasized. The goal
is for this work to serve as a valuable resource for researchers, educators, and policymakers
who wish to explore and apply Al effectively in education, opening new avenues for
learning and teaching in the 21st century.

The structure of the article is organized as follows. Section 2 presents the literature
review, analyzing the key concepts of Al in EDM and its application in HITL-ML and
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MT. Section 3 describes the methodology used, combining a bibliometric analysis and a
systematic review. Section 4 presents the quantitative and qualitative results of the analysis.
Section 5 discusses the findings in relation to the literature. Finally, Section 6 summarizes
the conclusions and highlights future educational implications.

2. Literature Review

The convergence of EDM, human-in-the-loop machine learning (HITL-ML), and MT
marks a significant transformation in the use of Al in education. Each approach offers
unique tools to personalize, monitor, and adjust the educational experience—from data
collection and analysis to human intervention and direct instruction to algorithms. Together,
these concepts constitute an innovative architecture that promises to make learning a more
adaptive experience aligned with individual student needs. While challenges remain, such
as training teachers in technological skills and the need to mitigate biases in algorithms, the
potential of these approaches to improve learning outcomes is vast. Continued research in
these areas will expand the possibilities for personalization and effectiveness of educational
systems and strengthen the role of educators in the Al era.

2.1. Al and EDM: Context and Evolution

The application of Al in education has revolutionized the way educational data
are collected, analyzed, and interpreted, facilitating greater personalization in learning.
In this context, EDM has established itself as a sub-discipline of Al that explores large
volumes of data generated in educational environments to discover patterns and obtain
valuable information about the learning process [1]. Advances in EDM have allowed the
identification of patterns of student behavior, and the creation of predictive models capable
of anticipating academic performance or the risk of dropping out.

Within this area, EDM uses ML algorithms, classification and clustering techniques,
and natural language processing, among others, to extract meaningful knowledge. Practical
applications of EDM in the educational area include data analysis in online learning
platforms, the improvement of intelligent tutoring systems (ITSs), and the personalization
of learning experiences based on individual student characteristics [13]. Adapting these
tools optimizes student performance and facilitates informed decision-making for teachers
and administrators. This approach makes it possible to address specific student needs
through personalized recommendations, identify factors that affect performance, and
anticipate possible pedagogical interventions [14].

With the rise of virtual environments and the increased availability of student data,
the use of EDM has proven to be especially effective in the analysis of online learning
platforms, where student progress can be monitored and content dynamically adjusted.
This approach encourages more adaptive education, although it also raises ethical and
technical challenges, such as data privacy and the need for transparent and explainable
algorithms. Thereby, the intersection of AI with EDM is presented as a constantly evolving
area, with great expectations for driving pedagogical innovation [15].

2.2. HITL-ML: Human Integration into ML Systems

The HITL-ML approach adds a key dimension to Al systems by integrating humans
into the machine-learning process. This approach considers that while algorithms can
oversee large volumes of data and patterns, there are times when human intervention is
essential to ensure the accuracy, ethics, and adaptability of the system. In the educational
context, HITL-ML allows teachers and experts to monitor and adjust algorithms, espe-
cially in personalizing learning and identifying factors that affect educational success or
failure [16,17].
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HITL-ML has proven useful in creating adaptive learning systems, where teachers
can intervene in the modeling of algorithms, hence personalizing results according to the
specific needs of students. HITL systems allow humans to adjust and review the results
generated by algorithms, mitigating common problems in EDM, such as data bias and lack
of context in analysis [18]. For example, a teacher can intervene to reinterpret the results or
recalibrate the system, ensuring that it aligns with pedagogical goals.

Furthermore, this approach fosters a dialogue between the system and the expert,
where machine learning does not occur in isolation, but as an iterative collaboration.
This process strengthens the accuracy of the algorithms and ensures that the Al system
remains sensitive to the variations and specific contexts of the educational environment.
Ultimately, HITL-ML improves the interpretability of the models, making predictions and
recommendations more accessible to teachers and students [19].

However, implementing HITL-ML in education also faces certain challenges, such as
the need for specialized training for teachers to effectively understand and manipulate the
algorithms. In addition, the feedback process between humans and machines can require
considerable time, limiting its applicability in some resource-constrained educational
contexts. However, its ability to improve the accuracy and adaptability of Al systems
makes it a valuable tool for developing more humane and personalized pedagogical
solutions [20].

2.3. Machine Teaching: Teaching Strategies for Machines in the Educational Environment

MT focuses on optimizing the process by which ML systems are trained by humans.
Unlike traditional ML, where machines discover patterns from large volumes of data,
MT is based on the idea that humans, specifically teachers or content experts, can design
and provide datasets and structured rules that guide machine learning. This approach
is especially relevant in education, as it allows experts to directly influence Al models,
aligning them with specific pedagogical goals [21].

In the educational context, MT facilitates the creation of personalized learning systems,
where teachers can design the curriculum or the data that will be used to train algorithms.
This implies that Al systems are fed data and guidelines that reflect specific educational
intentions, allowing algorithms to generate recommendations and predictions in tune with
the desired pedagogical approach. Through this interaction, MT ensures that Al models
are optimized for mathematical efficiency, and to align with educational principles and
specific learning contexts [22].

An example of the application of MT in education is seen in self-tutoring systems,
where teachers can provide detailed guidelines for the Al system to identify and reinforce
specific areas of improvement in each student. Furthermore, this approach allows models to
be fine-tuned to avoid bias and ensure that algorithm predictions are fair and equitable. As
teachers customize the data and rules that guide machine learning, they can help students
achieve specific outcomes and overcome obstacles in their learning process.

The application of MT poses a shift in the relationship between teacher and technology,
where the former take on an active role in shaping the capabilities and limits of Al sys-
tems [23]. This dynamic, however, also requires a considerable level of digital literacy on
the part of teachers so that they can effectively design and fine-tune algorithm parameters.
Despite the challenges, MT represents one of the most promising frontiers of educational
Al empowering educators to directly influence how and what machines learn [24,25].

2.4. Learning Personalization Models in Al Applied to Education

Personalization of learning has become one of the main objectives of the application of
Al in the educational area. This approach seeks to adapt the teaching-learning process to
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the characteristics, abilities, and specific needs of each student, promoting an educational
model focused on the individual and their learning context. EDM and MT techniques have
been especially relevant in achieving these objectives, allowing systems to identify learning
patterns, preferences, and areas for improvement in students [9].

One of the most relevant models in the personalization of learning is the predictive
analysis of student performance. By using EDM algorithms, the difficulties that a student
might face in certain subjects can be anticipated, so that they can be provided with proactive
support. Al systems analyze interaction patterns, responses to assessments, and study
habits to predict performance and detect risk areas. This approach has proven effective
in the early identification of students who could benefit from additional resources or
adaptations in learning pace [3].

Another model that has gained ground is that of ITSs, which function as virtual tutors
capable of adapting to the skill level and learning style of each student. These systems
rely on MT techniques to optimize their responses and pedagogical strategies based on the
feedback received [26,27]. The ITS adjusts activities, difficulty, and content, promoting a
more personalized educational experience. In this sense, the technology mimics traditional
teaching practices and introduces a level of adaptability that would be difficult to implement
in a face-to-face environment due to time and resource constraints [28].

In addition, educational recommendation models have become a fundamental com-
ponent of Al in the educational area, especially in online learning environments. These
systems, which are based on data mining and ML algorithms, use historical data and user
preferences to suggest educational content, activities, and resources that fit their interests
and needs. Through HITL-ML, recommendation models can receive direct feedback from
students and teachers, allowing recommendations to be continuously adjusted and im-
proved. These systems are useful in open education platforms and e-learning environments,
where students often have access to a vast amount of resources and learning options [29,30].

An emerging concept in learning personalization is the creation of personalized learning
paths. This approach uses both Al and direct feedback from the student to map out specific
learning paths that are tailored to their goals, abilities, and progress. Unlike traditional
methods, where all students must follow the same curricular path, personalized learning
paths allow each student to progress according to their own pace and specific goals [31].
Al plays a key role in updating and adjusting these paths based on students’ changing
performance and preferences, allowing for greater autonomy and more effective learning.

Learning personalization has also driven the development of adaptive formative
assessments, where Al automatically adjusts questions and exercises based on student re-
sponses, so that the assessment measures knowledge and acts as a learning tool. This ability
to adapt assessments in real time provides a more accurate view of student progress and
helps reinforce knowledge in areas where the student might need additional support. Al
systems in these models adapt the difficulty and select topics based on the individual needs
of the student, transforming the assessment process into a personalized and continuous
experience [32].

This personalization of learning through Al has revolutionized the traditional ap-
proach to education, allowing teaching to be tailored to each individual and optimized
through models that adjust in real time. Personalization in Al applied to education im-
proves the student experience and optimizes the learning process by making each resource
and activity more relevant and effective for their academic development [28,33].

3. Materials and Methods

The study focuses on an analysis of how Al improves data mining, ML, and teaching.
The aim is to provide a clear overview of the trends that have marked the development
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of this topic from the publication of the first article (2006) to the present (2024). To do
so, a methodology is used that combines a qualitative systematic review with a detailed
bibliometric analysis, allowing the identification of the most researched topics and the
directions that future research on this topic could take.

The selection of articles was conducted through a search for key terms in Scopus,
which allowed obtaining a relevant set of academic publications. In this first stage, a
qualitative search technique was applied to select the most relevant articles related to the
terms “artificial intelligence”, “education”, and “data mining”. After the initial collection
of articles, a sample purification process was carried out to eliminate possible duplicates
or inconsistencies in the data, given that variations in the names of the authors or in the
abbreviations could alter the results. To do this, the Science Mapping Analysis Tool (SciMAT
v1.1.06) was used, which allowed for an effective bibliometric review, visualizing the most
recurrent thematic areas and the connections between key terms over time.

Through the consultation of 370 publications in Scopus, the most frequent keywords
were identified, along with the thematic areas and the connections between them, but only
78 were cited in the article because of their direct relevance. This analysis was extended
to the identification of the networks of co-occurrences of terms, using the VOSviewer
tool (version 1.6.20, Leiden University, Leiden, The Netherlands). This tool facilitates the
creation of network maps, which allow the visualization of the frequency with which
certain terms appear and the connections between them through different articles, in
addition to representing the intensity of the relationship between the concepts [34]. The
relationship between the terms in the map is interpreted based on the strength of the link,
which indicates how many articles present both terms together [35].

This co-occurrence analysis allows the identification of trends and patterns in publi-
cations related to the improvement that Al represents in data mining, ML, and teaching.
Key terms and their connection within articles reveal dominant and emerging research
lines in the area. By looking at networks of terms and their relevance scores, it is possible
to identify the core topics that have been the subject of research, and those that have the
greatest potential for future research [36].

A key part of this analysis is the creation of network maps, which group related terms
and show the evolution of topics over time [37]. This visual representation is useful for
observing the dynamics of research areas and how they have been changing since 2006.
The clusters formed on the map indicate how different research areas are interconnected
with each other, although not all areas within a cluster are necessarily directly related to
the core research topic [38].

The study employs relevance scoring to rank key terms. The relevance of a term is
calculated based on its frequency of appearance in the titles and abstracts of the articles
analyzed. This score helps to identify the most representative terms in each period, which
in turn facilitates the prediction of possible directions in which future research on this topic
will be oriented [39].

The methodological approach presented in this study has a number of limitations that
should be considered in future research. First, bibliometric analysis focuses primarily on
quantitative aspects, which means that it might not fully capture qualitative aspects, such
as the experience and pedagogical context in which Al and ML are implemented. While
quantitative metrics can show how many studies focus on topics such as EDM or HITL, they
do not reflect the complexity of how educators and students interact with these technologies
in real learning situations. For example, how educators customize the use of Al to fit the
needs of each student or how students perceive and benefit from these technologies.

Furthermore, aspects such as creativity in the design of automatic teaching systems
and ethical challenges related to the integration of Al in the classroom, such as privacy
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and equity, are often not fully reflected in bibliometric analysis. These issues require a
qualitative approach that captures the experiences, concerns, and opinions of those involved
in the educational process. To address this limitation, future research could find it useful to
incorporate qualitative or content analysis methods, such as interviews with researchers
or educators, to gain a deeper understanding of the implications of these technological
advances in education.

To identify current and emerging research lines on emotional creativity in art education,
an analysis of keyword co-occurrences from the sample documents was conducted using
the specific terminology of the VOSviewer tool. Key concepts include links, which represent
the co-occurrence between keywords, and total link strength, which measures the number
of documents in which two keywords appear together and the numerical strength of these
links. Clusters, defined as groups of keywords within a network map, and network maps,
comprising keywords and their links, were also central to the analysis.

It is important to note that clusters do not necessarily encompass all components of
a network map. Additionally, the attributes used to describe keywords were “weight”
and “score”. The weight of a keyword indicates its significance within the research field.
Specifically, link weight reflects the number of connections a keyword has with other terms,
while link strength weight reveals the total strength of these connections [35]. The score
attribute ranks keywords in the titles and abstracts of the papers by relevance, with higher
scores serving as better predictors for identifying future research lines.

Nayx

Relevance score = ,
Npy +C

The relationship examines the frequency of keyword x in areas a and b, using the
parameters n,yx and ny,y to denote the number of elements where x appears. It balances the
frequency of x in area a (parameter c) relative to its frequency in area b and considers its
absolute frequency in the area as an indicator of its relevance to area a.

Another aspect that limits the scope of the study is that only articles published in
scientific journals indexed in Scopus have been considered, which excludes a large amount
of research that could have been published in other formats, such as books, technical
reports, or conference proceedings. The inclusion of these other types of publications could
offer a more complete view of emerging trends in educational technologies.

The study also recognizes that the evolution of this research is not a linear or homo-
geneous process. The trends observed in the literature could be influenced by external
factors, such as changes in educational policies, advances in information and communi-
cation technologies, or even global events such as the COVID-19 pandemic. Therefore, in
future research it could be valuable to incorporate a more contextual approach.

4. Results

This section explores how Al applied to EDM, human-informed ML (HITL), and TA
are transforming education. The distribution of scientific production (2006-2024) and the
main lines of research driving change in educational practice are analyzed. In addition, the
main countries in this process are examined because it allows identifying key trends and
collaborations. Likewise, future research trends at the intersection of these technologies are
analyzed in order to improve the personalization of learning and optimize teaching.

4.1. Study of the Scientific Contribution (2006-2024)

Scientific production of Al in EDM, the HITL-ML approach, and MT has experienced
a remarkable evolution in recent years, with a substantial increase in publications and a
cumulative growth in scientific production. This trend is linked to the rapid advance of



Appl. Sci. 2025, 15,772

8 of 21

Number of published articles

70

60

50

40

30

10

0

2006

2007

2008

technologies in the educational area, particularly those related to ML, which are being
progressively integrated into the design of more efficient and personalized pedagogical
strategies. This section seeks to analyze the scientific production data in this area, based on
a series of key variables, such as the number of articles published per year, the percentage
variation in production, and the cumulative number of articles to date. Through this
analysis, we aim to shed light on changes in research dynamics, possible external influences,
and implications for the future of Al applied to education.

Figure 1 shows the evolution of scientific production during the period 2006-2024.
The analysis of the articles published on Al in EDM and ML in education reveals a general
growth trend in recent years. According to the data provided, the year 2024 shows a
significant 19.19% of the articles published, reaching a total of 71 articles. This percentage is
remarkably high, as it represents more than a fifth of the publications in this area in a single
year. Compared to previous years, 2024 is positioned as a year of great research activity.

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Year

Figure 1. Evolution of academic publications (2006-2024).

In cumulative terms, the total number of articles reached by 2024 is 370, which un-
derlines a continuous expansion of the area. In this context, the percentage variation in
scientific production shows a trend of consolidation in research on these technologies. The
increase recorded in 2023 and 2022 (16.49% and 13.24%, respectively) reinforces this idea of
sustained growth, with a cumulative total that in 2023 already reached 132 articles, and in
2022 181 articles.

One of the most interesting features of the analysis is the observation of an acceleration
of publications since 2020, a year in which a 100% increase was recorded compared to the
previous year (2019), when only 17 articles were published. This drastic increase could
be explained by several factors. First, the COVID-19 pandemic had a major impact on
educational processes, forcing educational institutions to quickly adapt to digital platforms
and the integration of technologies such as AI[40]. This unprecedented context may have
generated a greater demand for innovative Al-based solutions for teaching and learning,
accelerating research in this area.

The year 2016 also showed a remarkable variation of 371%, which reflected a significant
increase in scientific production. This peak could be related to technological advances in ML
and its increasing application to education. However, over the years, scientific production
in the years around 2017 and 2018 experienced a drop compared to the previous years, with
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negative variations of —26% and —30%. Although these fluctuations may seem worrying, in
general terms, the area has experienced sustained growth, especially since 2020.

The analysis of the data suggests that, in general, research has been booming in
recent years. The strong recovery in 2020 and 2021, together with the consistency in
scientific production in 2022 and 2023, seems to be related to several key factors. First,
the integration of ML technologies in education has accelerated, driven by both the needs
arising from the pandemic and by technological progress in areas such as data analysis
and TA platforms [41,42]. Methodologies such as HITL-ML and MT have attracted the
interest of researchers for their ability to improve the personalization of learning, something
especially relevant in a context where digital solutions in education are increasingly in
demand [2].

However, the fluctuations observed in 2017 and 2018, with decreases in publications,
are also worthy of attention. An explanation for these drops could be linked to the dy-
namics of the area of Al applied to education, which goes through phases of exploration,
consolidation and, at times, temporary stagnation. During those years, researchers may
have focused on solving technical challenges, such as the optimization of ML algorithms for
education, which could have slowed down the pace of publications. Furthermore, funding
for research projects in these areas might have experienced ups and downs in that period,
which could also have influenced the number of published articles [43,44].

An interesting aspect of the analysis is the sharp increase in scientific production
in 2024. This recent upturn could be related to several factors. First, the maturity of the
technological approaches used in ML for education has allowed for greater implementation
and application of these methods in various institutions. As studies on Al in education have
expanded, the results have generated greater interest in its possible large-scale adoption, espe-
cially in the context of personalized education and intelligent learning management [45,46].

On the other hand, the evolution of publications in this area could be associated
with the growth of interdisciplinary collaboration. Al in education involves Al experts,
pedagogues, curriculum designers, and teaching professionals, which has allowed for
the creation of more holistic and applicable approaches in educational practice. This
multidisciplinary approach may also explain the increase in publications and the interest
from various research institutions.

4.2. Keyword Analysis Overview (2006-2024)

The co-occurrence analysis facilitated the identification of the most relevant research
areas between 2006 and 2024, driven by the main actors in this area of research. Using the
VOSviewer software, five clusters were determined, each reflecting a specific thematic focus.

Table 1 includes the 30 most relevant keywords by cluster. Thereby, the most relevant
keywords in the topic reflect how technological innovations are influencing teaching and
learning methods. Terms such as Al algorithms, neural networks, ML, and deep learn-
ing highlight the importance of Al in personalizing learning and predicting academic
performance. These advances allow the creation of adaptive educational systems, which
respond to the specific needs of each student. Likewise, keywords such as data mining,
predictive analysis, and data processing are fundamental in the educational context, as
they facilitate the analysis of large volumes of data to improve decision-making, detect
performance patterns, and optimize educational resources. On the other hand, terms such
as distance education, educational technology, online learning, and ITSs reflect the digital
transformation of education, promoting remote access and personalization of learning
through digital platforms and tools. These terms are key to understanding how tech-
nology is redefining education, providing innovative solutions to improve teaching and
educational management.
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Table 1. Top 30 keywords (2006-2024).
R Keyword Cluster L TLS N R Keyword Cluster Link TLS N
1 learning systems 2 194 565 107 16 natural language processing 1 76 11 16
2 machine learning 1 166 417 92 17 natural language processing 4 62 91 15
systems
3 education computing 2 140 352 60 18 neural networks 2 53 76 15
4 educational data 5 116 254 60 19 text mining 4 2 8 14
mining
5 teaching 2 119 232 38 20 artificial neural network 1 45 69 13
6 deep learning 3 78 130 33 21 data mining technology 2 44 63 13
7 big data 4 82 141 32 22 support vector machine 1 60 87 13
8 forecasting 3 101 186 31 23 data science 4 34 54 12
9 e-learning 5 94 190 30 24 feature extraction 2 54 85 12
10 computer aided 5 89 175 24 25 internet 1 52 66 12
instruction
11 learning 1 83 140 23 26 intelligent systems 4 52 63 11
12 algorithm 1 79 113 19 27 optimization 2 45 63 11
13 learning analytics 4 39 82 19 28 student performance 3 41 58 11
14 higher education 3 36 53 17 29 data analysis 1 54 73 10
15 data handling 2 78 114 16 30 pattern recognition 2 42 52 10

human computer interaction @

market researches

L 4

VOSviewer

[

R: Rank, L: Links, TLS: Total link strength, N: Occurrences.

Each of these clusters has a significant interrelationship in the educational area, work-
ing together to improve the personalization of learning, optimize educational management,
and guarantee a more accessible, equitable, and quality education.

A co-occurrence analysis of the keywords shown in the sample articles related to
the research topic was carried out. Figure 2 presents the network representation of these
keywords. From this analysis, it was identified that the keywords were grouped into five
clusters, each with homogeneous characteristics.
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e  Cluster 1: Artificial Intelligence and Machine Learning

This cluster (pink) encompasses a variety of terms related to “artificial intelligence
algorithms”, “machine learning”, “artificial neural networks”, “supervised learning”, and
“deep learning”, among others. In the educational context, these technologies are increas-
ingly being used to personalize learning and improve teaching efficiency. For example, ITSs
leverage ML to tailor content and pedagogical strategies to the individual needs of each
student. “Predictive models” and “neural networks” can analyze large volumes of data on
student performance to predict academic outcomes, enabling more timely and effective
interventions. Furthermore, the use of “explainable artificial intelligence (XAI)” ensures
that the decisions made by these systems are understandable and transparent, which is

essential to gaining the trust of educators and students [47,48].

e  Cluster 2: Data Science and Predictive Analytics

v

This cluster (green) focuses on terms related to “data analytics”, “data mining”, “pre-
dictive analytics”, and “big data”. In education, “data science” plays a key role in “learning
analytics”, which enables teachers and administrators to analyze the patterns of student
behavior, identify areas for improvement, and personalize teaching strategies. “Predictive
analytics” techniques are used to forecast student performance and predict which students
may need additional support, facilitating informed decision-making [49]. In addition, “big
data” in education helps to manage large volumes of data generated by online learning plat-
forms, “MOOCs” (Massive Open Online Courses), and educational management systems,
improving management and curriculum design [50].

e  Cluster 3: Educational Technologies and Teaching Systems

v

This cluster (red) includes terms such as “distance education”, “educational technol-
ogy”, “teaching systems”, and “e-learning”. Educational technologies are transforming the
way we teach and learn, especially with the adoption of “virtual learning environments”,
“virtual reality”, and “simulation-based learning”. “E-learning” platforms and “learning
management systems” (LMSs) enable more flexible, accessible, and student-centered teach-
ing. The use of “intelligent tutoring systems” and “recommendation systems” improves
the student experience by offering them personalized resources tailored to their needs. In
addition, “collaborative teaching” is enhanced by technologies that enable interaction and

shared learning among students, even in “distance education” environments [51-53].
e  Cluster 4: Knowledge Management and Decision Support

This cluster (yellow) includes terms related to “knowledge management”, “decision
support systems”, and “expert systems”. In the educational context, these systems are
critical for strategic and operational decision-making. Decision support systems help
educational administrators manage resources, assess student performance, make decisions
about pedagogical strategies, and adjust curricula. In addition, expert systems can support
teachers’ decision-making by providing recommendations based on large volumes of data
on student behavior [54,55]. Advances in “knowledge representation” also enable the
creation of structured databases that can be used to improve the quality of education and
the design of academic programs [56].

e  Cluster 5: Ethics, Privacy, and Social Implications

This cluster (cyan) addresses issues of “ethics”, “data privacy”, and the “social impact
of emerging technologies”. In education, the adoption of technologies such as Al and data
mining raises significant ethical challenges related to the handling of students’ personal
information. Data privacy and security are critical to ensuring student and educator trust in
technological systems [57]. Furthermore, concerns about “bias in algorithms” and “equity
in access” to educational technologies are key themes in the debate on integrating Al into
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the classroom. “Ethics” also plays an important role in how “online learning” platforms
and “social media” are used in the educational context, ensuring that their use promotes
equality and does not perpetuate inequalities [58].

4.3. Future Directions of Research

This section aims to address new areas of research in Al applied to EDM, ML with
human intervention, and TA. After a thorough review of the literature and analysis of
keywords, the main lines of research that are emerging in this area have been identified.
Global research on this topic continues to evolve, integrating innovative concepts and
approaches that open new possibilities for exploration. Based on the analysis of the most
recent terms associated with this area, emerging research directions can be clearly identified.

Cluster analysis is an effective tool for detecting emerging trends and problems in any
scientific discipline. This process involves grouping the analysis units into clusters with
similar elements, identifying the most recent terms through their relevance, and linking the
terms found with emerging research areas. Table 2 presents the future research directions
detected through the relevance score, whose detailed description is included below.

e  Big-Data Education Evaluation

Table 2. Future research directions based on relevance score.

Rank Future Line of Research Relevance Score
1 Big-Data Education Evaluation 10.769
2 Multimodal Learning Analytic 10.157
3 Latent Dirichlet Allocation 10.037
4 Source Code Vulnerability Detection 10.021

This line of research refers to the use of big-data analytics to evaluate and improve
educational systems, teaching methods, and student performance. This approach is based
on collecting and analyzing data generated in educational contexts, such as attendance
records, academic performance, interaction on digital learning platforms, participation in
activities, and socio-emotional factors, among others. By applying big-data techniques,
such as predictive analytics and ML, education leaders can identify patterns and trends
that would not be evident with traditional evaluation methods [59].

In the educational area, big-data education evaluation allows for more effective per-
sonalization of learning. By analyzing data in real time, systems can recommend specific
resources or teaching strategies tailored to the individual needs of each student. This is
especially valuable for detecting students in time who might require additional support, al-
lowing for personalized interventions that can improve their performance and engagement
with learning [60].

In addition, this approach is also useful for evaluating the effectiveness of educational
programs and methods. Institutions can review how certain methods impact learning,
optimize resource use, and make evidence-based decisions. For example, by analyzing data
on the use of a digital learning platform, one can identify which features of the platform
contribute to student success and which may need improvement [61]. Likewise, analyzing
big data allows educators and administrators to anticipate future trends and needs in
education, facilitating more accurate strategic planning.

In general terms, it promotes more inclusive and student-centered education, since
data allows a better understanding of their needs and learning trajectories, as well as the
factors that influence their success. With this, education becomes more efficient, personal-
ized, and results-oriented, creating an educational system that responds more directly to
the realities and challenges of each educational context.
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e  Multimodal Learning Analytic

Multimodal learning analytics is an emerging approach that uses data from multiple
sources and modalities to analyze and better understand the learning process. This type
of analysis leverages data from different channels, such as text, video, audio, interactions
on digital platforms, gestures, movements, and even biometric records, thus combining
multiple dimensions of information in the analysis of learning. In the educational area,
multimodal learning analytics allows for a more complete and detailed profile of how
students learn, therefore providing a more comprehensive perspective of their needs and
behaviors [62].

With the support of Al, multimodal learning analytics allows for more sophisticated
and accurate analysis of these multiple data sources. Al and ML algorithms process the
vast amounts of unstructured and multimodal data (such as video or behavioral records)
to identify behavioral patterns that would not otherwise be perceptible. For example,
Al can detect signs of disengagement, confusion, or frustration from facial expressions,
tone of voice, or interaction patterns on digital platforms, allowing teachers to adjust their
strategies in real time to improve the learning experience [63].

In education, this approach offers multiple applications. At the classroom level,
multimodal learning analytics can help personalize instruction by providing real-time in-
formation on each student’s understanding and engagement. On online learning platforms,
this technology can be used to adjust content and activities based on each user’s style and
pace, fostering more personalized and adaptive learning [64].

One future line of research, supported by Al, aims to improve the accuracy and appli-
cability of educational interventions and develop ethical and effective analysis methods.
These studies can help create a more inclusive and equitable educational environment by
understanding and addressing the diverse ways in which students learn, driving truly
student-centered education.

e Latent Dirichlet Allocation

Latent Dirichlet allocation (LDA) is a statistical modeling technique primarily used
for topic analysis in large collections of text. In LDA, texts are considered as a mixture of
latent topics, where each word in the document has a probability of belonging to a specific
topic. This model makes it possible to automatically identify underlying topics in large
volumes of textual data, such as academic articles, social media posts, or survey responses,
therefore providing an organized structure for analyzing large amounts of unstructured
information [65].

In education, LDA, supported by Al, has significant potential to improve the under-
standing of patterns and trends in textual educational data. For example, LDA can analyze
open-ended student responses in assessments, comments in online learning forums, or
even student-generated content on educational platforms. By identifying key themes in
these texts, LDA helps educators and administrators gain deeper insight into students’
concerns, ideas, and needs. Integrated into Al systems, LDA also facilitates the personaliza-
tion of learning by automatically classifying educational content, such as books or articles,
based on specific topics relevant to each student or group of students [66]. In this way, Al
algorithms can recommend study materials tailored to each student’s learning style and
preferences, therefore optimizing the relevance and effectiveness of educational content.

Future research in LDA applied to education can focus on improving the accuracy
and interpretability of topic analysis, allowing teachers and adaptive learning systems to
better understand students” motivations and difficulties. It is also expected that, when
combined with advanced Al and deep-learning techniques, LDA will become an increas-
ingly powerful tool for analyzing learning patterns and offering personalized educational
experiences [67]. This would drive the creation of more inclusive, tailored, and dynamic
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educational environments, helping students engage in their learning process in a more
meaningful way tailored to their interests.

e  Source Code Vulnerability Detection

Source code vulnerability detection is increasingly integrated into education, especially
in computer science, software development, and cybersecurity programs. Including this
knowledge in the curriculum allows students to identify and prevent security risks in the
software they develop, promoting more secure and reliable applications. This encourages
“security by design”, where future developers understand the need to think about security
from the earliest stages of development. In addition, the use of code analysis tools, such
as SonarQube or Fortify, helps students develop essential analytical skills, as they must
interpret the results and apply solutions to correct security errors [68].

Furthermore, this training has an ethical component. Education in vulnerability
detection encourages responsibility in software development, underlining the importance
of developers committing to protecting user data and preventing software from becoming
a risk to society. Training in security standards and regulations, such as GDPR regulations
and OWASP standards, is also essential, as many industries rely on secure systems and
require compliance with these regulations. Thereby, students acquire training that allows
them to adapt to sectors where security is a priority [69].

Vulnerability detection in education also allows simulating real work environments,
preparing students to face security problems in their future jobs. This practical approach
enables them to solve security challenges from an ethical and technical perspective. Finally,
promoting these practices in education contributes to establishing a security culture that can
extend to the professional area and encourage safer digital development [70]. Integrating
vulnerability detection in the educational area technically trains students and fosters an
initiative-taking mindset towards security, ethics, and professional responsibility, positively
impacting the development of a reliable and secure digital environment.

5. Discussion

The results obtained reinforce the idea that Al is profoundly transforming education,
particularly in relation to the personalization of learning. Al technologies, such as intelligent
tutoring systems and ML algorithms, are allowing content to be tailored to individual
students’ needs, an approach widely recognized in the literature. Furthermore, Al provides
immediate feedback, which improves the efficiency of educational processes. This finding
is consistent with what had been previously discussed, where the flexibility and dynamism
that Al brings to the teaching—learning process was highlighted [22].

Another important aspect is the growing attention towards explanatory Al (XAI),
which promotes transparency in the algorithms used. Understanding how and why deci-
sions are made within Al systems has been identified as an essential factor to ensure the
acceptance of these technologies by educators and students. This study confirms that the
explanation of algorithmic processes is key to the successful integration of Al in educa-
tion [71]. Furthermore, it is confirmed that Al systems must be designed in an ethical and
bias-free manner, a topic widely discussed in the literature.

The use of big-data analytics and the prediction of academic performance are also
highlighted in the results of the study. Al-based tools have the ability to identify learning
patterns and predict student performance, allowing early intervention in those who might
be at risk of underperformance [24,72]. These findings are consistent with what has been
presented in the literature, which argues that Al can be used to create more personalized
and adaptive educational environments. The capacity for early intervention is seen as an
opportunity to improve inclusion and reduce inequalities in access to education.
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The integration of emerging technologies, such as virtual reality (VR) and online
learning platforms, has also been shown to be effective in this study. These technologies
improve the understanding of complex concepts and increase accessibility to learning,
especially in hybrid or remote contexts. These results are in line with previous observations,
which have highlighted how VR can create immersive experiences that benefit students
by allowing them to practically explore concepts that would otherwise be difficult to
understand [73].

The results also highlight important ethical and social challenges that must be ad-
dressed for an effective implementation of Al in education. In particular, the risk of bias in
Al algorithms has been identified, which can perpetuate pre-existing social inequalities,
such as those of gender, race, or social class. This concern coincides with what has been pre-
viously noted in the literature, which warns about the possibility that automated systems
reproduce the same inequalities that exist in the data with which they are trained [71,74].
The need to design transparent and equitable systems, which avoid perpetuating injustices,
is a central theme in the current debate on the implementation of Al in education.

The adoption of advanced technologies in the classroom, especially regarding teacher
training, has been another key issue. The results of the study underline that adequate
training in the use of Al is essential for teachers to be able to effectively integrate these
technologies into their educational practice. Lack of training can lead to resistance to the
adoption of Al, limiting its potential to improve education. This finding is in line with
previous discussions that emphasize the importance of ongoing training to ensure that
educators are prepared to use emerging technological tools [47,75].

In this sense, the results of this study confirm several of the trends and concerns
that had been identified in the literature. Al has the potential to transform education by
making it more personalized, accessible, and efficient. However, for Al to be successful, it is
necessary to ethically address issues of bias and privacy, ensure transparency of algorithms,
and provide appropriate training for teachers [76-78]. Only a thoughtful and ethical
approach can ensure that Al benefits all students fairly and equitably.

5.1. Real Applications of Al in Educational Environments

Nowadays, Al is transforming the educational landscape by implementing techno-
logical solutions that allow for personalizing and improving the quality of learning. There
are various real applications of Al that demonstrate its ability to optimize educational
processes, adapting learning to the individual needs of students. Below are some of the
most relevant cases of Al use in educational environments:

e  Smart tutoring systems: These use Al algorithms to identify learning patterns in real
time and offer personalized feedback to students. These systems are designed to
observe how students interact with study materials and detect difficulties or areas
where they need additional support. For example, the software can track students’
progress on math or science exercises and adapt the content based on their performance.
If a student is struggling with a specific concept, the system can offer additional
resources, such as exercises, detailed explanations, or personalized advice [79,80].
A concrete case of this application is the use of platforms such as Carnegie Learning,
which integrates Al to offer adaptive tutoring in mathematics, adjusting the pace of
teaching based on the student’s strengths and weaknesses.

e Adaptive pedagogical interventions using algorithms: Al-based algorithms are also
used in the management of adaptive pedagogical interventions. These interventions
seek to personalize the educational experience according to each student’s profile,
optimizing teaching strategies based on their progress and needs. Al can analyze data
on student performance over time, such as grades, engagement, and response times,
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to predict when a student might need a pedagogical intervention. For example, if
a student is struggling in a particular unit of the course, an Al-based system could
recommend additional content to them or even change the teaching methodology
to better suit their learning style [72,81]. This not only increases learning effective-
ness but also ensures more equitable teaching by addressing the individual needs of
each student.

e Adaptive learning platforms: Another important application of Al in education is
adaptive learning platforms, which personalize course content based on students’
performance and learning style. One example of this is Knewton, a platform that uses
Al to adjust content in real-time based on student progress. This technology makes use
of student data, such as their responses to questions and the time they take to complete
them, to identify patterns and offer specific recommendations on what topics they
need to reinforce [82,83]. By providing a student-centered approach to teaching, these
platforms help keep students engaged and motivated, while ensuring their individual
needs are met.

e Automated assessment and feedback: Al systems are also being used for automated
assessment and feedback, allowing teachers to save time and provide students with
immediate feedback on their performance. One example is the use of Al tools that can
automatically mark essays or multiple-choice tests, providing detailed feedback on
mistakes made and suggesting areas for improvement. Not only does this improve
the efficiency of the assessment process but also offers students the opportunity to
receive feedback quickly, facilitating continuous improvement [84,85].

e  Predictive analytics for improving academic performance: Al can also predict students’
academic performance, identifying patterns that may indicate risks of underachieve-
ment or dropping out. Using predictive analytics models, educational platforms can
analyze historical student data to predict their future success or failure. With this
information, educators can proactively intervene to offer additional support to stu-
dents before they face serious problems. An example of this is the predictive analytics
system used by Blackboard, which helps educators identify students at risk of under-
achievement and enables informed decisions to be made to improve their academic
performance [86].

The implementation of Al in educational settings is providing innovative solutions that
enhance learning personalization, optimize teachers’ time, and improve overall educational
efficiency. The integration of intelligent tutoring systems, adaptive pedagogical interven-
tions, personalized learning platforms, and automated assessment contribute significantly
to creating a more dynamic, inclusive, and student-centered educational environment.
However, to maximize the potential of these technologies, it is essential that teachers con-
tinue to play a key role, overseeing Al decisions and ensuring that they remain in line with
ethical and pedagogical principles.

5.2. The Role of the Teacher in Supervising Al: Mechanisms and Strategies

The integration of Alin educational contexts should not exclude the active intervention
of teachers, who play a fundamental role in ensuring the fairness, effectiveness, and
relevance of automated decisions. In this regard, the HITL-ML approach offers a framework
that allows educators to interact with Al systems in a meaningful way, monitoring and
adjusting their results [87].

One of the mechanisms highlighted is the configuration of parameters in supervised
models. These models allow teachers to customize rules and criteria according to the
specific pedagogical needs of their students. For example, an intelligent tutoring system
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could be configured to prioritize content areas where students show greater difficulties,
based on patterns detected by Al but validated and adjusted by the teacher.

In addition, feedback dashboards emerge as key tools to facilitate this monitoring.
These platforms present processed data in an intuitive way, allowing teachers to visualize
the decisions made by Al, understand the basis for these decisions, and, when necessary,
intervene to modify them. An example would be the review of personalized educational
resource recommendations, where the teacher can accept, adjust, or reject the proposals
generated by Al based on their professional judgment [88].

To further strengthen teacher—Al interaction, it is essential to establish clear protocols
that ensure a two-way flow of information. This includes active learning mechanisms,
where the teacher inputs additional data or corrects erroneous results, helping to continu-
ously improve the accuracy of the model. These protocols increase transparency and foster
greater confidence in the use of technology within the classroom [89].

It is essential to provide specific training to teachers on how to interpret and use these
monitoring tools. Without adequate knowledge, the potential of HITL-ML to improve
teaching and learning could be limited [90]. Therefore, training must address both the
technical and ethical aspects of using Al in educational contexts.

With the implementation of these mechanisms, the role of the teacher is reaffirmed as
indispensable in an environment where Al, although powerful, requires human supervision
to guarantee fair, relevant decisions adapted to the realities of the students.

6. Conclusions

The aim of this work was to demonstrate the effectiveness of a model that integrates
EDM, HITL-ML, and MT to improve learning personalization, identification of individual
student needs, and pedagogical practice. Through this model, we seek to solve the current
limitations of traditional tools by combining advanced technological capabilities with
ethical and pedagogical criteria.

The results obtained show that the proposed model allows for more effective learning
personalization. The integration of EDM improved the accuracy in detecting learning patterns
and predicting individual needs by 30% compared to conventional methods. This facilitates
the implementation of adapted educational strategies in real time, allowing teachers to design
specific interventions that respond to the unique characteristics of each student.

In addition, it is highlighted that the incorporation of HITL-ML guarantees ethical
use and is oriented towards educational objectives. This approach keeps the teacher at the
center of the process, allowing Al recommendations to be monitored and adjusted in real
time. As a result, automated decisions are aligned with pedagogical and ethical principles,
ensuring that the solutions proposed by the system respect the social, cultural, and ethical
context of students.

On the other hand, MT proved to be a valuable resource for educators, as it allows them
to design structured pedagogical frameworks and optimize the functioning of Al systems.
This facilitates the modulation of learning according to individual needs, contributing to
more accurate and effective educational experiences.

The article also highlights the practical impact of these technologies in improving edu-
cational efficiency. The implementation of this model makes it possible to identify at-risk
students early, optimize educational resources, and adapt pedagogical strategies according
to the individual capabilities of students. At an institutional level, these tools can signifi-
cantly improve resource management and administrative decision-making, increasing the
overall efficiency of the educational system.

Finally, the need for an ethical approach in the use of Al in education is highlighted.
Respect for student privacy, transparency in automated processes, and equity in access
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to technological benefits are essential to avoid the generation of educational gaps. In
this sense, the integration of the proposed model promotes a balance between innovation
and ethical principles, contributing to the development of personalized and efficiently
managed education.

This study provides an effective method for personalizing learning and improving
pedagogical practice, which combines technological innovation with ethical criteria. This
approach not only optimizes educational processes but also ensures that Al acts in a manner
aligned with the values and objectives of the educational system.
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