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Abstract – The paper explores how Artificial 
Intelligence (AI) is influencing educational data mining 
(EDM) and learning analytics (LA), tracing the trend of 
publications from the year 2005 to 2025. The study 
identifies 1,006 academic articles through co-citation 
and co-word methods to map the intellectual space of 
the field using VOSviewer and Scopus. The rise of 
machine learning, predictive modelling, and 
personalized learning as a research emphasis has been 
noted by a significant rise in AI-EDM publications since 
2020 that point to the digital learning shift during the 
pandemic. Analysis of co-citation shows that the EDM 
work of Romero and Ventura intersects the machine 
learning work of Breiman, and in this context, the 
evolution of explainable AI, predictive analytics, and 
early intervention techniques. Co-word analysis reveals 
three main themes, such as students, data mining, and 
machine learning, which characterize AI-based 
educational practices. Thematic clusters refer to the 
increased attention to adaptive systems, student 
performance prediction, and AI ethics. The study 
highlights how a combined strategy of real-time 
education and ethical teaching methods can assist AI in 
helping customize learning and inclusivity among 
students. Nevertheless, the Scopus database and 
publications in the English language are the limitations 
of the study, which can omit the global innovations. 
Future studies are supposed to promote 
multidisciplinary teams and create emotional AI 
algorithms with high ethical codes to overcome privacy 

and equality issues. This paper offers a detailed 
evaluation of AI as an agent of change in education and 
will be useful to decision-makers interested in building 

equitable and data-driven educational systems. 

Keywords— Educational Data Mining (EDM), Learning 

Analytics (LA), Quality Education, Personalised Learning, 

Bibliometric Analysis. 

I. INTRODUCTION 

Artificial Intelligence (AI) has completely 
revolutionised the field of education by allowing the 
incorporation of data to create insights promoting 
optimal personalized learning programmes and 
making predictable student outcomes. Natural 
Language Processing (NLP) and Machine Learning 
(ML) are among the key technologies that are 
important in the analysis of the behaviour of students, 
improvements of the curricula, and optimisation of the 
administrative duties [1]. Such AI-based systems are 
very effective in enhancing the nature of instruction by 
allowing teachers to get real-time information about the 
learner, which will help them adapt their teaching 
strategy in most effective ways [2]. The adaptive 
learning platforms and intelligent tutoring systems in 
particular have proven to be effective in increasing the 
student engagement and reducing the rates of 
dropouts [3].  

*Corresponding Author email: venoth.nallisamy@newinti.edu.my ORCID: 0009-0009-1595-4863 
Valentine Kirimi Muriira is with Faculty of Education and Liberal Arts, INTI International University, Malaysia. (email: 

kirimivalentine@gmail.com) 
Venoth Nallisamy is with  Faculty of Education and Liberal Arts, INTI International University, Malaysia. (email: 

venoth.nallisamy@newinti.edu.my) 
José Manuel Saiz-Alvarez  is with Faculty of Economic Sciences, National Autonomous University of Honduras, Spain.  (email: 

josemanuel.saizalvarez@gmail.com) 
Shem Mwalw'a is with Postgraduate Studies in Education, Tangaza University, Kenya. (email: shemmwalwa@gmail.com) 

 

International Journal on Robotics, 
Automation and Sciences 

 

https://doi.org/10.33093/ijoras.%202026.8.1.3
http://journals.mmupress.com/ijoras
mailto:venoth.nallisamy@newinti.edu.my
mailto:kirimivalentine@gmail.com
mailto:venoth.nallisamy@newinti.edu.my
mailto:josemanuel.saizalvarez@gmail.com
mailto:shemmwalwa@gmail.com


Vol 8 No 1 (2026)  E-ISSN: 2682-860X 

21 
 

AI analytics have significant benefits since they 
enable learning institutions to make sound decisions. 
By analyzing the data, AI determines students who are 
struggling and allows support to them and making 
personalized interventions [4]. This will be particularly 
useful when it comes to underserved students, who will 
be provided with inclusive and personalized learning 
opportunities [5]. Besides, learning analytics combined 
with educational data mining (EDM) enables AI to 
discover patterns in large data sets, which is useful 
feedback to students and learners [6]. Surveillance 
mechanisms, alerts detection tools, and content 
personalization options also increase the effectiveness 
of the monitoring of the progress of students in schools 
[7]. 

In the light of these transformative impacts, it is 
important to learn how AI applications will develop in 
the educational field. Bibliometric study has the 
potential to provide useful information on the 
development of educational AI, highlight major 
research topics, powerful studies, and future trends. In 
the current study, the effect of AI in educational data 
mining and learning analytics is explored using a 
bibliometric analysis. The study examines the 
connexion of AI in predicting student performances, 
personalized learning, and enhanced learning 
approaches. The research will compare co-word and 
co-citation to map the academic structure of the field 
using Scopus and VOSviewer to find out major 
research clusters and dynamics over time [8]. The 
research will start by considering the studies with the 
highest number of citations and find the underlying 
works that the existing AI applications in the education 
sector are based on [9]. The focus will be made on 
such emerging areas as adaptive learning systems, 
neural networks, and emotionally intelligent AI [10]. 
The analysis will present an in-depth introduction to the 
current trends of advancement, the researchers, and 
possible areas to explore in the future [11]. 

The bibliometric evaluation requires these 
research questions for guidance: 
1. What are the key research trends in AI-based 

educational data mining and learning analytics, 

and how have these trends evolved over time? 

2. What are the most influential studies in AI-driven 

educational data mining, and how do they cluster 

in the research landscape (co-citation analysis)? 

3. What are the common research themes and 

keywords in AI educational data mining literature 

(co-word analysis)? 

These questions analyze the development stages 
of educational AI research together with its main 
research methodologies while constructing its 
interdisciplinary intellectual framework [12, 13, 14, 
15].  

This study matches the educational program 
direction through its focus on data-driven approaches 
for developing educational practices. The use of AI 
enables educational settings to tailor their operations 
for learners' different needs and institutions' objectives 
by employing knowledgeable decision-making 
methods [16]. The research enhances existing 
knowledge about AI capabilities in educational 
optimization and performance improvement and data-
driven educational planning [4]. The study of 
predictive modeling and personalized interventions 
under AI provides essential knowledge about its real-
world effects on learning success alongside 
institutional decision systems [17],[18]. This paper 
uses bibliometric research trends to create a model 
which connects theoretical insights with practical uses 
that benefit students and professionals and policy 
designers who want to shape AI-based educational 
systems. 

II. LITERATURE REVIEW 

A. Overview of Educational Data Mining (EDM)  

The application of educational data to discover 
patterns that could help in enhancing teaching and 
learning is termed as Educational Data Mining (EDM). 
The analysis of data gathered in Learning 
Management Systems (LMS), student test results, 
and interaction logs is performed with the help of 
different methods, such as clustering, classification, 
regression, and association rule mining [19]. EDM 
helps teachers to gain valuable information that can 
help them to improve their teaching process and 
optimize student performance based on the available 
data. Using big data analysis, EDM allows educators 
and administrators to make sound decisions on the 
basis of large amount of data which can subsequently 
lead to an increase in education performance. 

Nevertheless, even though EDM has its major 
advantages, it also has issues of accuracy and ethical 
issues. The quality and relevancy of the data that is 
utilized will determine the effectiveness of EDM 
techniques. Systemic inequalities and other biases 
inherent to the data like those that are based on 
unequal access to resources or systemic inequalities 
can bias the results and cause false conclusions that 
may place some of the groups of students at a 
disadvantage [20]. Further, EDM techniques need to 
be applied with due consideration to student privacy 
and consent to ensure that they are ethically applied. 
Mishandling sensitive student data may also result in 
the violation of trust and unintended outcomes, 
including supporting negative stereotypes or causing 
inequality. 

Nevertheless, in spite of these issues, EDM may be 
utilized to detect early signs of student trouble and 
reveal latent engagement patterns to enable educators 
to intervene and tailor the learning experiences to the 
needs of diverse students [19],[21],[22]. EDM can be 
used in a more inclusive and efficient way when it is 
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implemented in a responsible manner, paying attention 
to ethical considerations [23]. 

B. The Role of AI in Educational Data Mining 

As a central role, artificially Intelligence (AI) allows 
to perform a deep analysis of large and complex 
datasets and to provide predictive models which allow 
forecasting student outcomes, as well as the possibility 
of personalizing learning experiences. Several Artificial 
Intelligence tools including machine learning (ML), 
deep learning, natural language processing (NLP) 
have been implemented into EDM systems to perform 
automatic pattern detection together with learning 
environment adjustment and real-time feedback 
delivery for students and instructors [24],[25]. 
Rephrase the following sentence. Machine learning 
analysis of historical data reveals academic failure 
risks through pattern identification as deep learning 
methodology uses large datasets for precision 
prediction [26]. The effectiveness of AI-based 
recommender systems depends on student historical 
performance together with engagement-related data 
which leads to resource recommendations [27]. 

C. Learning Analytics in Education 

Learning Analytics (LA) is the processical activity of 
gathering, quantifying, and examining information on 
learners in their respective settings to improve learning 
outcomes. It aims at delivering evidence-based 
information that guides the teaching process and helps 
students to master the subject by analyzing the 
information that they received through digital tools, 
specifically Learning Management Systems (LMS) and 
tests [20]. LA conforms to major educational theories 
such as constructivist and sociocultural theories of 
learning and is known to focus on data-oriented 
decisions that accommodate individual learning 
requirements and collaborative learning that is 
student-centered. The main objective is not merely 
gauging improvement but also guiding instructional 
change leaving no student without the necessary 
support that helps him or her to achieve. 

For real-time monitoring of students, AI-based 
learning analytics, including decision trees and 
classification models, could be used to help the 
educator evaluate the level of engagement as well as 
detect students who are potentially at risk of poor 
performance [23]. The basis of this approach lies in the 
formative assessment models, which concentrate on 
continuous assessment and intervention to facilitate 
the learning process of the students. As an illustration, 
case studies of such institutions as Georgia State 
University show that LA systems have been utilized to 
recognize vulnerable students at an early stage and 
offer specific interventions that have significantly 
boosted the graduation rates [28]. 

Furthermore, there is also personalization to the 
learning process, since AI-based recommender 
systems can recommend what to learn, depending on 
individual learning preferences and performance, 

which contributes to differentiated instruction which is 
a major aspect of instructional design models such as 
Universal Design of Learning (UDL). Also, these 
systems enable the delivery of customized educational 
materials in real-time, which means that students will 
obtain the appropriate materials at the opportune time 
[19]. As an example, LA tools in the University of 
Edinburgh case study were applied to suggest 
individual learning paths to students, which led to the 
heightened engagement and academic outcomes [29]. 

Not only does the integration of AI in LA gives 
educators a great insight into the progress of students 
but also enables them to introduce their own remedial 
measures which can improve the results of the 
students. These are strategies that are closely related 
to pedagogical objectives including the development of 
student autonomy, enhancement of self-regulation, 
and the development of metacognitive skills. 
Consequently, AI tools in learning analytics would help 
in making learning environments more inclusive, 
adaptive, and productive thus fitting more modern 
educational theories and instructional design models. 

D. Emerging Trends in AI for EDM and Learning 
Analytics 

AI continues to advance as an integration solution 
with educational data mining and learning analytics 
because new technological approaches and 
application models address current educational 
system problems. One current trend is that to improve 
prediction accuracy and tailor learning environments, 
yet hosted on a central system, uses neural networks 
in addition to data fusion methods [30]. Many complex 
patterns in huge unmanaged educational datasets 
containing student video communications and text 
feedback become detectable through deep learning 
models of neural networks [24]. Educational models 
based on artificial intelligence technology create 
personalized learning approaches that adjust 
automatically to historical learning data and mental 
processing capabilities and participation records [25]. 

AI education development depends heavily on 
major research papers alongside defining studies. [20] 
indicated how some of these studies are focused on 
the power of AI in predictive analytics, adaptive 
learning environments, and customized teaching 
methods that bring teachers and learners closer to 
education in the data age. 

III. METHODOLOGY 

A. Bibliometric Approach 

A bibliometric analysis is a research methodology 
that involves quantification and analysis of academic 
literature to illustrate the trends, citation patterns and 
the entire field of research. The methodology gives 
researchers essential information about field evolution 
alongside influential study identification and topic 
interconnection data. Bibliometrics serves educators 
and researchers of AI and educational data mining by 
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revealing the most influential studies in addition to 
tracking information dissemination between various 
research fields. The academic research framework for 
AI applications in education becomes discernible 
through bibliometric analysis which uses citation 
connections and keyword ties and author co-work 
relations [27]. The tracking of educational practices 
with technology integration themes has become 
standard research practice within the fields of machine 
learning and education technology according to [23]. 

VOSviewer and Scopus tools represent the main 
research instruments which analyze this investigation. 
Researchers can observe research networks with 
clarity through VOSviewer program because it 
presents co-authorship relationships in an intuitive 
graphic interface. For new users Scopus provides an 
extensive peer-reviewed database which allows them 
to find valuable sources required to produce 
meaningful analyses. Research tools that combine 
their features help researchers study academic AI 
educational data mining by showing them an authentic 
representation of the research domain [24]. 

B. Data Collection 

Academic publications related to educational data 
mining and AI were obtained from Scopus as this 
platform operates as one of the biggest databases of 
scholarly work [31]. The research included three 
simultaneous search terms: TITLE-ABS-KEY 
(“Artificial Intelligence" OR ai OR "Machine Learning" 
OR "Deep Learning”) AND TITLE-ABS-KEY 
(“Educational Data Mining" OR edm OR "Learning 
Analytics" OR "Student Analytics”) AND TITLE-ABS-
KEY (“Predictive Modeling" OR "Student 
Performance" OR "Personalized Learning" OR 
"Adaptive Learning”). Through these search 
parameters the researcher obtained 1,029 documents. 
A search of English-language documents between 
2005 and 2025 produced 1,006 articles for evaluation. 
Researchers conducted the search on April 2, 2024 to 
gather recently relevant scholarly documents from the 
dataset. 

TABLE 1. Inclusion and Exclusion Criteria 

Criteria Inclusion Criteria Exclusion 

Criteria 

Database Publications obtained from 

Scopus, one of the largest 

scholarly work databases 

(Samman, 2024). 

Publications 

from non-

scholarly or non-

reputable 

databases. 

Keywords TITLE-ABS-KEY (“Artificial 

Intelligence” OR AI OR 

“Machine Learning” OR 

“Deep Learning”) AND 

TITLE-ABS-KEY 

(“Educational Data Mining” 

OR EDM OR “Learning 

Analytics” OR “Student 

Publications not 

related to AI, 

EDM, learning 

analytics, or 

predictive 

modeling. 

Analytics”) AND TITLE-ABS-

KEY (“Predictive Modeling” 

OR “Student Performance” 

OR “Personalized Learning” 

OR “Adaptive Learning”). 

Language Only English-language 

documents were included. 

Non-English-

language 

publications. 

Publication 

Date 

Publications from 2005 to 

2025 were included. 

Publications 

before 2005 or 

after 2025 were 

excluded. 

Document 

Type 

Peer-reviewed articles, 

conference papers, and 

research articles relevant to 

AI and education. 

Non-peer-

reviewed 

content, such as 

blogs, opinion 

pieces, or 

commercial 

documents. 

Total 

Documents 

Collected 

1,029 documents obtained 

through the search process. 

Documents that 

did not meet the 

inclusion criteria 

were excluded. 

Final 

Evaluation 

Set 

1,006 articles from the total 

of 1,029 documents were 

selected for further 

evaluation. 

Documents not 

in the English 

language, or 

outside the 

specified time 

range were 

excluded. 

 

C. Data Screening 

The research utilized publication type filters to 
maintain peer-reviewed journal articles and 
conference proceedings thus guaranteeing a high 
academic quality of data sources within the analysis. 
The study adopted strict conditions for document 
selection based on English language and a time range 
from 2005 to 2025 because this approach allowed 
researchers to review recent developments in 
education AI. A final dataset consisting of 1,006 
appropriate articles remained after the filters were 
implemented. The screening regimen established a 
dataset consisting of both wide scope and rigorous 
academic content which made it suitable for the 
upcoming bibliometric investigation [9]. 

D. Data Analysis 

Co-citation Analysis. 

Academic literature shows frequencies with which 
authors mention two papers in relationship to each 
other through co-citation analysis. Researchers can 
use this technique to recognize leading studies 
through a procedure that connects commonly used 
research works. Co-citation analysis promotes the 
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visualization of important research papers in 
educational data mining by showing which studies 
established the initial framework in AI development. 
The relationships between research papers become 
visible through VOSviewer analysis thus displaying the 
most frequently shared papers and their associated 
networks to demonstrate field intellectual structures. 
The method constitutes a prominent tool for core 
literature discovery and analyzing key idea 
development within academic networks since [23], 
[32]. 

Co-word Analysis. 

Academic literature relationships have become the 
main focus of co-word analysis studies. The analysis 
of co-occurring keywords shows researchers the main 
research topics alongside how certain issues have 
expanded over time. The application of VOSviewer 
produced keyword maps that displayed the three main 
research areas as "Predictive Modeling," 
"Personalized Learning," and "Student Performance." 
The co-word analysis method lets researchers follow 
field-specific themes and report new industry trends 
and research topic relationship patterns [19], [33]. 

IV. RESULTS AND DISCUSSION 

A. Trending of Publications by Year  

The quantity of publications related to AI for 
educational data mining shows rising numbers 
throughout the years according to document trend 
analysis. One document was published in 2005 and 
the yearly count of documents started growing from 
2006 to 2014. Two cooperative efforts were detected 
from 2013 which exceeded the three papers released 
during 2014. AI application in educational settings 
showed early signs of slowing down due to the fact 
that those technologies were just emerging during this 
particular time period. The number of documents rose 
significantly in 2015 up to 9 when the trend began to 
evolve. The number of academic documents about AI 
in education increased substantially after machine 
learning techniques became widely used in 
educational solutions for individualized learning and 
forecasting results. The number of documents 
published in this field experienced steady growth from 
2015 to 2019 as the total documents reached 48 in 
2018 and escalated to 75 in 2019. The number of 
published articles and citations appears in Figure. 1 
within the timeframe from 2005 to 2025. 

During the 2020- and 2021-year period the number 
of published documents saw its largest growth 
reaching 91 in 2020 followed by the peak of 107 in 
2021. The COVID-19 pandemic served as the main 
cause behind the sudden elevation of publications due 
to the digital learning tools that educational institutions 
needed to implement globally. Educational AI 
applications gained maximum importance during 
remote learning for student engagement while the 
amount of research about personalized learning 

systems and predictive analytics surged. The 2025 
data hold a high number of recorded documents at 51 
although the total figure for the year cannot be 
accurately determined at this stage. The research 
were initiated during April 2024 and the 2025 final 
output can potentially be higher since continuous 
academic research occurs during this academic year. 
Research into AI in education during the first part of 
2025 demonstrates a strong continuity of the growing 
trend that AI will shape educational practices for an 
extended period ahead. 

2025 has the highest number of registered 
documents of 51 but the total amount of 
documentation of the year cannot be specifically 
identified at this point. In order to shed more light, the 
data set does not contain fully predicted publications 
of 2025 but contains the early access articles 
published or availed to April 2024. Consequently, it is 
possible that the publications of 2025 can keep rising 
throughout the year and additional studies can be 
completed. The research was launched in April 2024, 
and the final results should be even greater in 2025 
because, throughout this academic year, constant 
academic research is conducted. 

 

FIGURE 1. Number of publications and citations between 
2005 and 2025. 

B. Co-citation Analysis  

Out of 31,476 retrieved cited references, the co-
citation analysis identified 51 documents which 
achieved more than 8 citations. The research divided 
its analysis into five clusters that used citation patterns 
for classification. [34] stand as the most cited 
foundational works in educational data mining 
because they assemble a total link strength of 34. The 
Random Forests research by [35] and [36] maintains 
a total link strength of 19 among various studies. [37] 
and [38] are influential authors whose cumulative 
number of links stands at 29 each. The highly 
acknowledged studies act as fundamental 
components of modern educational data mining 
research because they establish core strategies and 
deployment models used in the field today. Figure 2 
presents a network analysis drawn from the source 
data. The ten references with highest total link 
strength appear in Table 2. 
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Cluster 1: Red – Foundational Theories and 
Explainable AI. 

The Red group includes 15 components that 
examine foundational theories as well as explainable 
AI (XAI) and performance prediction models. [39] 
explore explainable AI in education while maintaining 
a link strength of 4 to achieve transparency in AI-based 
decision-making. The paper written by [36] which 
outlines Random Forests techniques has become a 
cornerstone in predictive modeling through 
educational data mining because it receives nineteen 
links in this research group. Educational data mining 
(EDM) usage remains clear from the study [34] 
because it holds a total link strength value of 34. The 
importance of explainable student performance 
prediction models is demonstrated by [40], whose 
research combines a total connection strength of 15. 
Frequent co-cited works demonstrate that predictive 
analytics exists within a direct relationship with the 
requirement to develop transparent AI models. 

Cluster 2: Blue – Predictive Analytics and Student 
Performance. 

Cluster 2 (Blue), with 13 items, focuses on 
predictive analytics and student performance 
prediction. [41] as well as [37] are leading survey 
publications in educational data mining which continue 

to define the field. Research in predictive analytics for 
education reveals the essential role of [41] because 
their research possesses a total link strength value of 
29. The paper by [42] presents XGBoost algorithm 
research demonstrating link strength of 16 as it helps 
predict student performance at a broad level. The 
development of academic success prediction methods 
depends on these vital studies which also serve to 
detect students who require extra support. 

Cluster 3: Green – Machine Learning and Data Mining 
Techniques. 

Since Cluster 3 (Green) consists of ten items it 
examines the application of machine learning 
algorithms and data mining techniques to educational 
research. The continued importance of Random 
Forests in educational research is supported by a link 
strength of 19 in this cluster from [36] work. Through 
their data mining research in education the 
investigators have inspired numerous scientists who 
attempt to develop enhanced performance forecasting 
methods. These foundation works supply the essential 
methods together with algorithms that sustain the 
current research in educational data mining via artificial 
intelligence. 

 

 

FIGURE 2. Co-citation analysis (VOSviewer visualization). 
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FIGURE 3. Co-word analysis (VOSviewer visualization). 

 

 

 

 

Cluster 4: Yellow – Learning Analytics and Student 
Behavior. 

Cluster 4 (Yellow), with 7 items, centers on learning 
analytics and the analysis of student behavior in 
educational settings. The research of [43] uses 
machine learning techniques to predict student 
performance based on student behavior (link strength 
16), as does [37] with the same strength of 16. The 
research by [41] attains a link strength of 18 and 
provides vital knowledge for improving student 
success through learning analytics. The cluster 
demonstrates why AI needs to investigate the methods 
which explain student involvement alongside 
behavioral patterns. Learning analytics achieves 
student outcome predictions while requiring no other 
information than student interactions and academic 
data to deliver personalized support methods. 

Cluster 5: Purple – Early Intervention and At-Risk 
Student Prediction. 

Researchers in [44] develops machine learning 
models for predicting at-risk students as part of this 
cluster with 6 research items while achieving a total link 
strength of 18. The research by [45] implemented deep 
learning algorithms to forecast academic performance 
by analyzing big data in virtual learning settings (link 
strength = 16). The increasing importance of early 
identification and prevention in education leads these 
authors to employ AI for predicting students at risk of 
academic struggles. The total link strength across this 
cluster indicates data mining's vital role in education 
since [46] received a link strength equal to 18. 

Educational institutions are recognizing the necessity 
of early student risk assessment through which they 
can implement interventions that enhance attainment 
and stop students from leaving their programs. Strong 
citational connections within the cluster demonstrate 
the fundamental importance of early intervention 
research which facilitates proper student academic 
support. 

TABLE 2: The top 10 documents based on their co-citation and total 

link strength. 

Rank Documents Citations 
Total Link 
Strength 

1 
(Romero & Ventura, 
2010) [34] 

22 34 

2 
(Romero & Ventura, 
2007) [41] 

19 29 

3 (Peña-Ayala, 2014) [37]  13 29 

4 (Dutt et al., 2017) [47] 23 28 

5 (Mengash, 2020) [48] 21 25 

6 
(Romero & Venturra, 
2010) [34] 

17 25 

7 
(Huang & Fang, 2013) 
[49] 

14 21 

8 (Asif et al., 2017) [50] 10 20 

9 
(Corbett & Anderson, 
1994) [51] 

13 18 

10 
(Shahiri et al., 2015) 
[52] 

10 18 

 

C. Co-word Analysis  

The co-word analysis evaluates keywords through 
their appearance statistics to identify major research 
topics in AI for educational data mining. The 
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examination used keywords with occurrence levels 
exceeding 26 times. The total amount of 4,227 
keywords contained 58 keywords that exceeded the 
minimum occurrence threshold. The main keywords in 
the study are "students" with 535 appearances that 
total 4179 link strength points as well as "data mining" 
which appears 446 times with 2973 link strength 
points and "machine learning" with 408 occurrences 
and 3162 link strength points. These fundamental 
terms verify the essential nature of AI technology for 
educational progress which specifically benefits the 
operational areas of learning systems and student 
performance predictions. The three main clusters 
were established through thematic categorization with 
Technical & Predictive Methods in Education using 
(Red) while Educational Systems & Tools used 
(Green) and Emerging Technologies & Specialized 
Learning used (Blue). A network analysis using 
provided keywords appears in Figure. 3. Table 3 
displays the top 15 occurrence keywords with the 
highest total link strength. 

TABLE 3: The top 15 keywords based on their occurrence and total 
link strength. 

Rank Keyword Occurrences 
Total link 
strength 

1 students 535 4179 

2 data mining 408 3162 

3 machine-learning 446 2973 

4 
educational data 
mining 

416 2710 

5 student performance 307 2471 

6 learning systems 280 2199 

7 forecasting 232 2048 

8 education computing 195 1624 

9 learning analytics 258 1509 

10 e-learning 148 1079 

11 decision trees 106 1071 

12 
performance 
prediction 

120 1048 

13 
academic 
performance 

121 1005 

14 learning analytic 126 969 

15 learning algorithms 105 950 

 

Cluster 1: Red – Technical & Predictive Methods in 
Education. 

Cluster 1 (Red) examines technical aspects 
together with predictive modeling methods which 
educational institutions apply. Academic performance 
leads this cluster with 1005 total link strength from 121 
occurrences while data mining appears 2973 times 
with a total link strength of 446 occurrences and 
machine learning uses 3162 links from 408 
occurrences. The repeated indication of data mining 
algorithms combined with machine learning algorithms 
shows the leading interest in predicting student 
success as well as academic achievement 
improvement. The processing and analysis of 
educational data utilize various methods which are 
indicated by two keywords "classification" (106 
occurrences and total link strength 1071) and "decision 
trees" (106 occurrences and total link strength 1071). 
The popularity of predictive models to evaluate student 
results continues to surge because of machine 
learning algorithm applications along with data mining 
strategies which incorporate support vector machines 
and decision trees. 

 

Cluster 2: Green – Educational Systems & Tools. 

The analysis focuses on educational systems 
together with learning analytic tools inside Cluster 2 
(Green). Students head the keyword usage list with 
535 appearances that accumulate 4179 link strength 
whereas Learning Systems appear 280 times with 
2199 link strength while Online Learning occurs 120 
times with 1048 link strength. The set of keywords 
shows how the field focuses on student-centered 
approaches which link to systems for learning 
management and data-oriented decision-making 
capabilities. The keywords "e-learning" show up 232 
times with 2048 total link strength and "predictive 
analytics" occurs 120 times with 1048 total link 
strength that focuses on AI contributions to digital 
learning improvements. This cluster presents the rise 
in using learning systems and educational 
technologies that use AI to enable the use of AI 
systems to intelligently personalize education to each 
individual using predictive analytics. 

Cluster 3: Blue – Emerging Technologies & 
Specialized Learning. 

The third cluster (Blue) consists of novel artificial 
intelligence advancements that enable unique learning 
forums. This cluster features three main terms which 
are "adaptive learning" with 148 instances and 1079 
total link strength and additionally "artificial 
intelligence" with 158 occurrences and 928 total link 
strength combined with "personalized learning" 
containing 121 instances but 1005 total link strength. 
The terms represent evolving adaptive learning 
approaches that utilize artificial intelligence for 
generating individual student learning plans according 
to personalized learning behaviors. The research 
demonstrates advanced learning techniques "self-
supervised learning" (succumbing 102 times with 759 
links) and "federated learning" (appearing 106 times 
with 1071 links) through their various occurrences. 
Keywords in this cluster strengthen the description of 
the integration of artificial intelligence and adaptive 
learning systems to meet the inclusive needs of 
students as they will engage into personalized learning 
environments to improve engagement and academic 
success. 

V. IMPLICATIONS ON AI IN EDUCATION 

A. Theoretical Implications  

The use of Artificial Intelligence changes basic 
principles of how people learn and teachers teach. 
When AI supports personalized learning instead of 
traditional teaching the field needs a theory which 
supports live adjustment for learners and allows 
students to take control while using custom learning 
data. Learner performance together with behavioral 
pattern data now plays a central role in shaping AI-
based instruction according to both classical 
educational theories which get supplemented or 
reinterpreted through this framework [53]. 

The modeling and handling of diverse student 
variations that AI has introduced surpasses all 
previous practical limits. Theoretical models require 
integration of machine learning detection capabilities 
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and reaction mechanisms to student preferences 
alongside learning speed and emotional status and 
motivational signs. Through adjustable learning 
solutions educational systems track student focus and 
estimate intellectual workload which enables them to 
adapt teaching materials instantly transforming 
traditional concepts about teaching assistance and 
feedback methods [54]. Educators face a theoretical 
shift which changes their teaching approach from 
knowledge delivery to AI-enhanced facilitation and 
mentorship for designing learning experiences. 

New considerations regarding ethical practices of 
AI in education systems have caused theorists to 
broaden their perspective from learning efficiency to 
digital moral standards and algorithmic responsibility 
along with student self-governance. Educational 
theory now places ethical pedagogy in the central spot 
because it deals with algorithmic equity along with 
inclusive content delivery and clear data utilization 
practices. Research requires combinations of 
educational science and data ethics and digital 
sociology to address these elements [55]. AI 
enhances the reconsideration of lifelong learning 
research because technology supports progression 
toward self-regulated educational opportunities 
throughout a person's age span. Research into the 
ways AI systems affect student identification 
alongside their powers of autonomy and their belief 
systems regarding knowledge acquisition becomes 
imperative when they serve as mediators to learning 
resources in various educational settings. 

B. Practical Implications  

AI's application in educational settings generates 
extensive multifold impacts for practical use. The most 
apparent outcome of enhanced learning environments 
results from AI implementations. Modern adaptive 
educational technology employs two main systems: 
First, ITS alongside LMS and secondly predictive 
analytics features for delivering customized study 
content and diagnostic assessment testing and 
individualized feedback. The applications produce 
higher student engagement while maintaining 
students' retention and support flexible inward 
instruction for large student groups [8]. AI literacy 
training along with ethical technology knowledge 
requires inclusion in new teacher training programs 
because of the organized changes in teacher 
workload [56]. 

Equitable student retention becomes achievable 
through early intervention delivery which AI helps to 
establish among at-risk students. AI provides 
increased educational access through multilingual 
user interfaces and speech-to-text system tools and 
adaptive content styles which benefit students facing 
disabilities and students from diverse linguistic 
backgrounds according to [57]. However, the 
implementation of AI also raises practical challenges. 
The lack of equal opportunities to obtain dependable 
Internet access together with hardware devices and 
technological help exists as a major educational 
obstacle. Educational gaps tend to increase instead of 
decreasing due to these disparities in rural and 
underserved places [58]. The use of AI-based 
decisions faces challenges because it exposes the 
system to excessive dependence on such automated 

decisions while simultaneously protecting possible 
biases stored in training databases. 

Educational institutions need to establish ethical 
guidelines and policies regarding AI application 
together with standards for data protection and 
continuous human supervision. Implementing AI 
within educational systems necessitates spending 
resources to develop teacher competencies so they 
can analyze artificial intelligence output and select 
correct tools and manage resulting student learning 
and wellness outcomes [59]. Educational institutions 
need to put money into reliable technology systems 
plus flexible methods of teaching as they use AI more 
in blended and online learning. Established 
partnerships between policy makers, educators and 
developers and researchers serve to maintain AI tools 
in alignment with teaching guidelines and moral 
guidelines. 

VI. CONCLUSION, LIMITATIONS AND FUTURE AVENUES 

This study proves Artificial Intelligence is steadily 
more important in both EDM and LA research by 
making education more personalized and more 
forecasting based. Applications like adaptive learning 
software and intelligent tutors with automatic report 
systems now help make new educational systems 
work better by providing instant help and improving 
result outcomes. The assessment of co-citation 
patterns along with keyword data reveals machine 
learning and predictive modeling to be leading tools 
within the field of AI research applied to education. 
Research findings point toward an alliance shift 
between AI and traditional instruction because 
technology now promotes interactive learning 
environments which replace basic support roles. 
Thematic research approaches develop AI 
technologies to serve all students while producing 
scalable feedback on online learning platforms. 
Research evidence confirms that AI creates new 
possibilities for educators regarding understanding 
learning evaluation and instructional method 
enhancement. 

This study explores a wide range of material, but 
several important restrictions need acknowledgment. 
Using Scopus as the exclusive data source creates 
potential biases because relevant research available 
in Web of Science and ERIC might be excluded from 
this literature review. The visualization capabilities of 
VOSviewer are strong yet insufficient for recognizing 
multi-dimensional interpretations through metadata 
processing when analyzing interdisciplinary learning 
research. This research only analyzed English-
language publications which potentially excluded 
valuable information about embedded educational 
practices from non-English-speaking areas. The latest 
fields in immersive AI educational applications 
including VR/AR-enhanced learning environments 
struggle to gain proper indexing and measurement in 
traditional bibliometric assessments due to publication 
delays. 

Researchers need to create advanced AI 
technologies that detect emotional and cognitive 
patterns in students to adapt teaching methods in an 
empathetic manner. Research combining educational 
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psychology with neuroscience and AI techniques 
should serve as a basis to develop affect-conscious 
educational instruments. The necessity arises to 
develop ethical frameworks which put the highest 
priority on AI algorithm design transparency combined 
with data sovereignty and equity. Research in AI 
shows great promise for enlightening education 
methods, especially when applied to flipped 
classrooms and other current solutions such as mobile 
learning and virtual laboratories help students in 
limited-access areas. AL metrics together with non-
English publications combined with full-text analysis 
should form the foundation for future bibliometric 
studies to generate comprehensive worldwide 
external databases detection. The process of AI tool 
development needs educational stakeholders to take 
a direct role for achieving alignment between teaching 
principles and student needs. Professionals working 
in AI development must constantly focus on human-
centered practices by involving educators and 
administrators together with students since the 
beginning of system development. 
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