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Abstract – Personalized learning, which aims to 
adapt instruction to each student's needs, preferences, 
and performance, has become a crucial strategy in 
higher education. This bibliometric analysis uses 215 
peer-reviewed publications that are indexed in the Web 
of Science database to map the intellectual and thematic 
structure of research on personalized learning in higher 
education from 2015 to 2024. This study identifies 
important authors, organizations, journals, and nations 
that contribute to the area through the use of 
performance analysis, co-citation, and keyword co-
occurrence methodologies via VOSViewer. The findings 
show that learning analytics, adaptive learning 
technologies, and Artificial Intelligence (AI) are rapidly 
influencing research, with recent studies placing a 
strong emphasis on generative AI tools like ChatGPT. 
Digital transformation, pedagogical frameworks, data-
driven personalization, educational innovation, 
generative AI ethics, and learner-centered design are 
the six main threads that emerge from thematic clusters. 
The results demonstrate a paradigm shift in AI-
mediated learning from conceptual to applied and 
ethical considerations.  
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Expanded integration of traditional models, such as 
the Technology Acceptance Model, with more recent 
concepts, including learner autonomy in AI ecosystems, 
is necessary for theoretical reasons. From a practical 
standpoint, the study emphasizes the necessity of 
developing ethical policies, educating educators, and 
designing teaching materials based on evidence. 
Notably, by supporting inclusive, egalitarian, and 
customized learning environments that close digital 
divides and promote global educational equity, this 
research supports Sustainable Development Goal 4 
(Quality Education). With its roadmap for future 
research, policy, and practice in the face of rapid 
technological change, this study strategically advances 
personalized learning in higher education. 

Keywords – Personalized learning, higher education, 
learning analytics, education technology, student 
engagement. 

1. Introduction

In an era of rapid technological advancements and 
a more diverse student body, the traditional "one-size-
fits-all" approach to education is becoming less 
effective at meeting the unique needs of each student. 
Personalized learning, an instructional approach that 
adapts learning paths, content, pacing, and 
experiences to each student's preferences, needs, and 
strengths – has emerged as a workable solution, 
especially in higher education [1]. Based on the 
concepts of learner autonomy, flexibility, and 
relevance, personalized learning aims to create more 
engaging and significant educational experiences that 
can accommodate a range of learning styles, cultural 
backgrounds, and career objectives [2]. As 
universities around the world strive to produce 
graduates who are not just academically skilled but 
also adaptable, resilient, and self-directed, 
personalized learning has become a strategic goal [3]. 
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Implementing personalized learning at the tertiary 
level does present some challenges, though. First, it 
calls for significant adjustments to institutional 
policies, digital infrastructure, teacher preparation, 
and teaching methods [4]. Many higher education 
institutions still struggle with outdated systems, rigid 
curricula, and evaluation models that are not suitable 
for adaptable and customized approaches [5]. In large, 
diverse courses, teachers sometimes lack the resources 
and expertise needed to facilitate personalized 
teaching [6]. Additionally, the integration of 
technology – including learning analytics, adaptive 
learning systems, and AI-powered platforms, raises 
concerns about data privacy, equality, and the digital 
divide, particularly for students from disadvantaged 
regions [7]. The effectiveness and scalability of 
personalized learning initiatives are often limited by 
these structural challenges, leading to fragmented 
deployments and inconsistent outcomes [8]. 

Despite these issues, personalized learning is still 
gaining traction in academic, institutional, and policy 
circles. Numerous studies have demonstrated its 
capacity to improve student motivation, engagement, 
retention, and overall learning outcomes [9], [10]. 
Nonetheless, the current body of literature on the topic 
is vast, multidisciplinary, and often dispersed over 
several disciplines, such as data science, pedagogy, 
educational technology, curriculum studies, 
psychology, and pedagogy [11]. This fragmentation 
makes it difficult for researchers, educators, and 
decision-makers to have a coherent knowledge of the 
field's development, key players, collaborative 
networks, and emerging research subjects. 

The current study aims to provide a comprehensive 
bibliometric analysis of research on personalized 
learning in higher education in light of this. This study 
maps the intellectual landscape of the area using a 
quantitative, data-driven methodology to identify 
major players, organizations, publishing trends, 
keyword clusters, and citation patterns. This type of 
study uncovers potential gaps, uncharted topics, and 
new avenues for future research in addition to 
providing insight into the discipline's growth and 
progress [12]. 

By offering a comprehensive overview of the 
academic discourse, this bibliometric review 
contributes to the advancement of personalized 
learning strategies in higher education in a more 
strategic and evidence-based manner, ensuring that 
educational innovation is inclusive and effective in the 
years to come. Therefore, this study aims to answer 
the following questions:  

 

• Which authors and articles, according to citation 
trends, have had the highest impact on 
personalized learning in higher education?  

• Which keywords are most commonly used to 
indicate the field focus of higher education 
research on personalized learning? 

2. Methodology  
 

Bibliometric analysis is a systematic, quantitative 
tool for examining trends in academic publications. 
The effectiveness, structure, and development of a 
field of study can be tracked by researchers by 
examining publication outputs, citation patterns, 
author productivity, institutional contributions, and 
collaboration networks [6]. According to [2], 
bibliometric analysis, as opposed to traditional 
literature evaluations, which are narrative and often 
subjective, uses statistical approaches and 
visualization techniques to identify important 
research, emerging trends, and knowledge clusters 
within a specific topic. In the context of personalized 
learning in higher education, bibliometric analysis 
offers valuable insights on the development of the 
field, important figures, and possible future directions 
[1]. 

Only data from the Web of Science (WoS) Core 
Collection, a reliable and established academic 
database known for its rigorous indexing requirements 
and wide disciplinary coverage, was used in this study 
[13]. WoS's comprehensive citation tracking tools and 
the high standard of peer-reviewed publications make 
it ideal for bibliometric analysis [3]. A comprehensive 
search was conducted using keywords such as 
"personalised learning," "personalised education," 
"adaptive learning," and "higher education" in various 
combinations, paying close attention to the topic field 
(i.e., title, abstract, and keywords) to ensure relevance 
and accuracy [5]. 

The criteria for inclusion and exclusion were 
carefully developed to preserve the integrity and focus 
of the dataset. The publication period was initially 
limited to the years 2015-2024 in order to include ten 
years of recent research, during which educational 
technologies and learning analytics have significantly 
advanced personalized learning [10]. Second, 
reviews, conference proceedings, editorials, book 
chapters, and grey literature were excluded in favor of 
just peer-reviewed journal articles to maintain the 
analysis's academic rigor [11]. Third, to ensure 
consistency in language processing and improve 
accessibility for readers around the world, only 
English-language articles were considered. Finally, 
the open-access article filter was employed to support 
transparency and reproducibility and to consider the 
growing trend of readily available academic 
information [7]. 

After being exported in full record and cited 
reference format, the chosen articles were loaded into 
bibliometric software like VOSviewer for additional 
examination. Two levels of research were carried out: 
performance analysis and science mapping. 
Publication trends throughout time and the most active 
authors, journals, nations, and organizations were the 
main subjects of the performance analysis.  
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It offered a comprehensive perspective of the 
findings and impacts of the research on multiple field 
participants [9]. 

Co-occurrence and co-citation analyses were 
included in the process of science mapping. The 
frequency with which pairs of documents or writers 
were referenced together was determined using co-
citation analysis, which was used to identify key 
works and thematic clusters within the discipline [12]. 
Understanding the theoretical and conceptual 
foundations of customized learning in higher 
education become simpler as a result. On the other 
hand, co-occurrence analysis examined the patterns 
and frequency of phrase usage across the dataset. This 
approach allowed for the discovery of concepts, 
popular subjects, and the evolution of study themes 
over time [2]. 

When combined, these methods provided a solid 
foundation for mapping the area of higher education 
research on personalized learning, with important 
implications for future academic research, policy 
choices, and teaching methods. 
 
2.1. Search Strategies   
 

In order to guarantee the precise retrieval of 
pertinent material on personalized learning in higher 
education, the bibliometric analysis in this study was 
directed by a methodical and well-structured search 
strategy. The Web of Science (WoS) Core Collection, 
one of the most extensive and reliable databases for 
academic research, is the only source from which the 
data were taken. Using the wildcard character (*) to 
encompass variations like "personalised" and 
"personalized," the search term used was "personali 
learning" AND "higher education" in order to collect 
the entire scope of the literature on the subject.  

The article title, abstract, and keywords are all 
included in the topic field (TS), where the search was 
conducted (Table 1).  

While keeping a broad enough scope to represent 
the diversity within the field, this field selection 
guaranteed the accuracy and relevance of the 
documents that were retrieved. 
 
 
 
 
 
 
 
 

Table 1. Inclusion criteria for bibliometric analysis 
 

WoS Database ALL 
Time period 2015 to 2024 
Search field TS 
Search 
keywords 

"personali* learning" and "higher 
education" 

Citation Topics 
Meso 

ALL 

Document Type Article or Review Article 
Language English 

 
3. Results 

 
The finding shows 484 items found in the first 

search as in the PRISMA flow chart (Figure 1). A 
number of inclusion and exclusion criteria were used 
to improve the dataset. In order to concentrate on 
current and developing conversation in the field, only 
publications published between 2015 and 2024 were 
kept. Due to significant technical advancements and 
increased interest in personalized learning over the 
past ten years, this time range was selected. 
Conference proceedings, editorials, book chapters, 
and other non-research materials were excluded from 
the selection process, which was further limited to 
peer-reviewed journal articles and review articles. To 
maintain uniformity and accessibility, the search was 
further limited to English-language publications. The 
selection of easily accessible sources suggested the 
use of an open-access publishing filter, even though it 
was not mentioned directly. Following the screening 
and eligibility processes, 56 records out of the 280 
articles were removed because they did not meet the 
document type criterion. Since they did not fall inside 
the designated publication time, 204 more records 
were removed. Following the removal of nine full-text 
articles due to language limitations during the 
eligibility phase, a total of 215 publications were taken 
into consideration for thorough bibliometric analysis. 
This selection process was graphically represented 
using a PRISMA flow chart, which explained the four 
common processes of systematic filtering: 
identification, screening, eligibility, and inclusion. 
Methodically implementing these standards upholds 
bibliometric and systematic research best practices 
while enhancing the study's validity, transparency, 
and repeatability. 
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Figure 1: PRISMA Flow Chart  

Source: Author 
 

3.1. Citation Analysis 
 

The final pool of 215 articles served as the basis for 
the trend analysis. These articles received 2,441 
citations in total, 2,372 of which were without self-
citations, according to the citation data produced by 
Web of Science. A total of 2,188 articles mentioned 
the dataset; 2,147 of those citations did not include 
self-citations, indicating a strong external academic 
influence. A healthy degree of intellectual 
engagement with the papers in this topic was indicated 
by the average number of citations per item, which 
was 11.35. A significant core of important literature 
on personalised learning in higher education is further 
demonstrated by the H-index, which was computed at 
26 and shows that 26 of the included papers have been 
mentioned at least 26 times each. 

From 2015 to 2024, the annual distribution of 
publications and citations was shown in a bar graph 
(Figure 2) that accompanied the analysis. Although 
the graph did not include precise figures, the general 
visual trend indicates a gradual and consistent increase 
in the number of publications and the influence of 
their citations. This increased trajectory illustrates the 
growing importance of personalized learning in 
modern higher education, especially in view of the 
post-pandemic academic landscape's moves toward 
student-centered and technologically enhanced 
pedagogies.  

 
 
 

 
 

Figure 2. Quality of publications and citations between 2015 and 2024 (Source: Authors generated through Web of 
Science database) 
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3.2. Performance Analysis   
 

In higher education, the performance analysis of 
research on personalized learning indicates a thriving, 
diverse area that has attracted a lot of scholarly 
attention in the last ten years. Key contributions in 
terms of documents, authorship, journals, institutional 
affiliations, and productivity at the national level are 
highlighted in this analysis, which is based on a 
bibliometric dataset of 215 articles that were taken 
from the Web of Science database (2015–2024). 

 
3.2.1. Documents   
 

There is increasing scholarly interest in the 
relationship between technology and student 
involvement, according to the most important papers 
in the subject of personalized learning in higher 
education. The paper by [14], "Students' voices on 
generative AI: perceptions, benefits, and challenges in 
higher education," is at the top of the list. It has 
received 261 citations, indicating that student-
centered viewpoints on AI are receiving a lot of 
scholarly attention. After that, [15] combined learning 
science with artificial intelligence in a highly cited 
article (132 citations) on mobile game-based learning 
utilizing fuzzy-modelled personalization.  

Two studies by [16] and [17], which looked at 
ubiquitous learning tools and personalized learning 
for motivation, respectively, each received 119 
citations. Adaptive, technologically enhanced 
learning environments and their effects on student 
autonomy, engagement, and accomplishment are 
frequently highlighted in these top documents. It is 
further confirmed that personalized learning is 
increasingly defined within the framework of digital 
transformation in education by other often referenced 
publications that examine smart learning 
environments, AI integration, and the difficulties of 
digital equity. When taken as a whole, these influential 
works highlight the theoretical diversity and topical 
relevance that characterize the present conversation on 
personalization in higher education. 
 
3.2.2. Sources   
 

Personalized learning in higher education is 
interdisciplinary, as seen by the dispersion of research 
across academic journals, especially when it comes to 
its interaction with digital pedagogy, educational 
technology, and sustainability. Education and 
Information Technologies is the most productive 
source, with 15 papers published and 137 citations, 
demonstrating both output and influence. 
Sustainability and Education Sciences both, provided 
eight publications, however, their respective citation 
impacts were just 28 and 59, which is a small amount.  

One particularly noteworthy source is the 
International Journal of Educational Technology in 
Higher Education, which has only four publications 
but an impressive 448 citations, indicating that its 
articles are highly influential and often cited in the 
field. Technology, Knowledge and Learning and 
TechTrends are two more important publications that 
publish fewer articles but have comparatively 
significant citation counts. According to these results, 
high-volume publications are not the only ones that 
publish frequently in the field of personalized 
learning; quality and relevance are important factors. 
Researchers in the fields of education, technology, 
psychology, and instructional design are interested in 
personalized learning, as seen by the variety of 
journals. 
 
3.2.3. Authors   
 

A review of author contributions identifies a select 
group of scholars whose work has had a major 
influence on the conversation around personalized 
learning in higher education. With three papers and 
186 citations respectively, Krouska, A. and Troussas, 
C. stand out as two of the most prolific and cited 
authors. They are considered key players in the 
industry thanks to their combined efforts, especially in 
the areas of game-based personalized training and 
adaptive learning technologies. Another well-known 
author, Sgouropoulou, C. has made significant 
contributions; only two publications have 171 
citations, demonstrating both depth and attention.  

With 203 and 327 citations, respectively, Watson, 
W. and Chan, C. K. Y. are highly notable for their 
contributions to the theoretical and empirical 
advancements of digital personalization. Although 
some authors have fewer publications, their individual 
works can have a significant impact, as the 
distribution of citations clearly shows. Overall, this 
author-level analysis represents a sector that is still 
developing but is starting to see the rise of influential 
thinkers who are influencing the theoretical 
underpinnings and real-world implementations of 
personalized learning in higher education. 

 
3.2.4. Institutions   
 

According to the institutional landscape, a variety 
of well-known and up-and-coming universities are 
supporting scholarship in personalized learning. With 
four articles and 216 citations, King Saudi University 
tops the field in citation impact, indicating a high level 
of research output and recognition. Similar impact is 
shown by Purdue University, which has only two 
publications but 203 citations, demonstrating the 
breadth and caliber of its contributions. 
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The University of Hong Kong also scores highly, 
demonstrating its strong commitment to digital 
pedagogical innovation through the production of 
three papers that received a total of 334 citations. 
While their citation counts are lower, the contributions 
of Tecnológico de Monterrey, the University of 
Patras, and the University of Malaya also indicate 
growing interest in this area. The fact that citation 
strength does not always correspond with publication 
numbers is noteworthy, supporting the notion that 
targeted, high-caliber outputs can result in significant 
research. According to the findings, a network of 
institutions that address personalized learning and are 
geographically scattered but globally connected is 
frequently in line with strategic objectives like digital 
transformation and sustainable growth in higher 
education. This variety in institutional involvement is 
essential to guaranteeing inclusive, flexible, and 
globally-informed models and implementations of 
personalized learning. 
 
3.2.5. Countries   
 

China leads the nation in research on personalized 
learning in higher education, with 43 publications and 
606 citations, demonstrating its increasing investment 
in educational technology and pedagogy driven by 
artificial intelligence. The United States continues to 
have a significant impact on education research, 
coming in second with 21 publications and 523 
citations. Remarkably, Saudi Arabia has garnered a 
high citation total of 250 despite only publishing 11 
works, indicating focused efforts and highly 
influential scholarship in this field. European nations 
with strong research ecosystems in digital learning 
innovation, like Spain (16 publications, 176 citations) 
and England (17 publications, 88 citations), also make 
substantial contributions.  

The fact that Australia, Malaysia, India, and 
Mexico are among the other noteworthy contributors 
shows that interest in personalized learning is present 
in both Global North and South contexts. The variety 
of participating nations further illustrates the 
worldwide applicability of personalized learning as a 
pedagogical answer to growing demands in higher 
education for technological integration, flexibility, 
and student-centeredness. By providing contextually 
different viewpoints, these cross-national 
contributions enhance the field and enable academics 
and practitioners to utilize a broad range of learner 
requirements, digital solutions, and educational 
approaches.  
 
3.3. Co-Citations Analysis   
 

The conceptual underpinnings of contemporary 
research trends are collectively represented by the top 
ten co-cited works shown in Table 2 on personalized 
learning in higher education, with a focus on the 
convergence of pedagogy, digital ethics, and artificial 
intelligence (AI). The study by [18] top the list with 
their systematic review, which emphasizes the 
essential gap in educator-led AI research and calls for 
a balance between pedagogical leadership and 
technological innovation. In addition, [19] provide a 
technical overview of AI applications in education, 
highlighting cutting-edge resources such as learning 
analytics and intelligent tutoring systems. With an 
emphasis on adaptable learning settings, [20] offer a 
longitudinal overview of research on personalized 
learning conducted between 2007 and 2017. 

 
 
 

 

Table 2. Co-citations (Top 10 Articles) 
 

Rank Authors Title Citations Total Link Strength 
1 [18] Systematic review of research on artificial intelligence 

applications in higher education–where are the educators? 
20 92 

2 [19] Artificial intelligence in education: A review 13 50 
3 [20] Trends and development in technology-enhanced 

adaptive/personalized learning: A systematic review of 
journal publications from 2007 to 2017 

13 34 

4 [22] Artificial intelligence in education promises and 
implications for teaching and learning 

11 64 

5 [21] Perceived usefulness, perceived ease of use, and user 
acceptance of information technology 

11 27 

6 [23] Artificial intelligence in higher education: the state of the 
field 

10 55 

7 [26] Learning technology models that support personalization 
within blended learning environments in higher education 

10 34 

8 [24] Chatting and cheating: Ensuring academic integrity in the 
era of ChatGPT 

9 62 

9 [27] Exploring opportunities and challenges of artificial 
intelligence and machine learning in higher education 
institutions 

9 45 

10 [25] Challenges and opportunities of generative AI for higher 
education as explained by ChatGPT 

9 41 
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A crucial paradigm for comprehending user 
involvement with AI technologies, the Technology 
Acceptance Model (TAM) was introduced by [21], 
while [22] and [23] examine the educational potential 
and systemic consequences of AI. By analyzing 
ChatGPT's effects on the real world, papers like [24] 
and [25] explore generative AI and academic integrity. 
Additional information on blended learning models 
and institutional preparation is provided by [26] and 
[27], respectively.  

The theoretical complexity and practical urgency 
of AI-driven personalized education are both captured 
by these publications taken together. 
 
3.3.1. Co-Citation Analysis by Clusters   
 

The most notable cluster highlighted in Figure 3 
and Table 3, Cluster 1, serves as the theoretical 
foundation for studies on personalized learning in 
higher education using artificial intelligence (AI).  

 

 
 

Figure 3. Co-citations Analysis (Source: VOSviewer visualization by authors) 
 

Table 3. Co-citations Cluster 
Cluster No and Colour Cluster Labels No. of Articles Representative Publications 

1 (Red) Foundational Literature on 
AI in Higher Education 

17 [18], [19], [22], [33], [34], [35], [36], 
[37], [38] 

2 (Green) Emerging Dialogues on 
Generative AI and 
Academic Integrity 

13 [23], [24], [25], [28], [29], [39], [40] 

3 (Blue) Pedagogical Models and 
Implementation of 

Personalized Learning 

12 [16], [20], [26], [30], [31], [41] 

4 (Yellow) Technology Acceptance 
and Institutional 
Transformation 

10 [21], [27], [32], [40], [42] 

 

Key articles by [18], [19], and [22] are among its 
17 highly co-cited works. These seminal works 
concentrate on theoretical summaries and systematic 
reviews of the application of AI in education. For 
example, the work of [18] challenges the absence of 
educator participation in influencing AI research and 
calls for a stronger pedagogical foundation in 
technical innovation. Similarly, [19] provide a 
thorough analysis of the technological development, 
application, and educational consequences of AI, 
emphasizing the expanding significance of learning 
analytics, machine learning, and intelligent tutoring 
systems.  

The focus of this cluster has shifted from the 
technological potential of AI to a critical investigation 
of its educational affordances and limitations. It is 
distinguished by its broad interdisciplinary scope and 
high citation strength, frequently spanning computer 
science, psychology, ethics, and education. The 
conceptualization, categorization, and effects of AI 
technologies in postsecondary education continue to 
be the key areas of concentration, providing a strong 
intellectual basis for further empirical and application-
based study in the area. 
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Cluster 2 encapsulates the current discussion 
around generative AI tools, especially the practical, 
pedagogical, and ethical issues raised by 
developments such as ChatGPT.  

This cluster, which includes 13 documents, is 
focused on current and relevant works like [23], [24], 
and [25]. The effects of generative AI on learning 
behavior, assessment integrity, and policy formation 
in higher education institutions are examined by these 
writers. Studies by [28] and [29] examine how 
chatbots and teaching assistants driven by AI might 
either simplify or complicate student support systems. 

The focus on legislation, academic integrity, and 
user impressions is what ties this cluster together. It 
exemplifies a growing trend in educational technology 
research in which the socio-cultural and ethical issues 
of AI in higher education are examined, going beyond 
implementation and infrastructure. It appears from the 
cluster's co-citation strength that scholars are quickly 
coming together on issues of governance, 
transparency, and confidence in AI-mediated learning. 
This cluster is different from basic AI theory since it 
directly addresses current developments and debates, 
providing information that will be vital in forming 
institutional reactions and moral frameworks in the 
near future. 

The design, implementation, and assessment of 
personalized learning models in higher education 
settings are the specific topics of 12 co-cited papers in 
Cluster 3. Technology-enhanced adaptive learning is 
the focus of this cluster, which is led by [20].  

It looks at how instructional designs and digital 
tools can be used to customize learning experiences to 
meet the needs of specific students. Other publications 
in this cluster, including [26] and [30], combine digital 
personalization tools with theories of student 
motivation to create useful models for blended and 
online learning settings.  

Studies in this cluster are frequently framed within 
the fields of educational psychology, learning theory, 
and instructional design, with a special focus on 
pedagogical efficiency. A study by [31] is a 
noteworthy addition, as their research on thematic 
analysis techniques points to a qualitative shift in 
comprehending learner experiences in customized 
settings. This demonstrates how the cluster integrates 
both qualitative research and quantitative effect 
assessments, highlighting its methodological 
flexibility. 

Cluster 4, which consists of ten papers, focuses on 
institutional-level obstacles to integrating AI and 
personalized learning as well as models for 
technology adoption. The foundation of this cluster is 
[21] seminal Technology Acceptance Model (TAM), 
which has been widely referenced in educational 
technology research due to its ability to predict user 
behavior with regard to new technologies.  

Articles like [27] and [32] explore the wider 
potential and threats that AI and machine learning 
present to educational roles and institutional 
frameworks. These studies examine the ways in which 
technological advancements disrupt established 
scholarly procedures and compel universities to revise 
their staff development, ethics, and governance 
policies.  

Cluster 4's focus on organizational policy, educator 
perception, and institutional preparedness makes it 
noteworthy. It tackles the structural and human 
elements that either help or impede the successful 
incorporation of AI in personalized education. By 
providing a systems-thinking viewpoint and a macro 
view of change management, policy, and institutional 
transformation in the age of AI-enhanced education, 
the cluster enhances the more pedagogically oriented 
clusters. 

 
3.4. Co-Occurrence Analysis   
 

Co-occurrence analysis of terms provides 
important information about the thematic focus of 
research on personalized learning in higher education. 
"Higher education" is the most popular keyword 
among the top 15 most used terms in Table 4, 
appearing 66 times and having a total link strength of 
158, confirming the study's intended academic setting.  

 

Table 4. The 15 most frequent keywords in the co-
occurrence analysis 

Rank Keyword Occurrences Total Link 
Strength 

1 Higher education 66 158 
2 Artificial 

intelligence 
36 101 

3 Personalized 
learning 

28 67 

4 Education 27 73 
5 Higher-

education 
25 77 

6 Students 20 74 
7 Technology 16 45 
8 Chatgpt 16 44 
9 Learning 

analytics 
15 46 

10 Personalised 
learning 

15 37 

11 Performance 13 58 
12 e-learning 13 38 
13 Artificial-

intelligence 
12 41 

14 Educational 
technology 

12 40 

15 Engagement 12 37 
 

"Artificial intelligence" comes in second (36 
instances), underscoring the field's heavy emphasis on 
AI-powered personalization.  
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It is interesting to note that the terms "personalized 
learning" (28) and its British equivalent, "personalised 
learning" (15), both occur, indicating a global 
difference in vocabulary but a common theme. Also 
highly ranked are "education," "higher education," 
and "students," indicating a broad yet noteworthy 
interest in educational settings, student experiences, 
and pedagogical influence.  

The substantial incorporation of digital 
technologies into the discourse is demonstrated by 
technological terminology such as "technology," 
"chatgpt," "learning analytics," "e-learning," and 
"educational technology." The terms "performance," 
"engagement," and "motivation" highlight the learner-
centered and evaluative viewpoints that inform this 
study.  

 

When taken as a whole, these terms depict a 
landscape where AI, student involvement, and data-
driven personalization meet. This convergence is 
fueled by both opportunities (such as AI tutors and 
adaptive systems) and problems (such as systemic 
adoption and academic integrity). As a result, the 
keyword analysis represents a field of study that is 
both pedagogically and technologically advanced. 
 
3.4.1. Co-Occurrence Analysis by Clusters   
 

Cluster 1 represents the technical advancement of 
learning environments in higher education by 
grouping 12 relevant keywords. Common phrases in 
Figure 4 and Table 5 like "technology," "online 
learning," "blended learning," and "higher education" 
describe the infrastructure change toward hybrid and 
fully digital platforms.  

 

 
 

Figure 4. Co-Occurrence Analysis (Source: VOSviewer visualization by authors) 
 

Table 5. Co-Occurrence Analysis on Personalized Learning in Higher Education 
 

Cluster No and 
Colour 

Cluster Label Number of 
Keywords 

Representative Keywords 

1 (Red) Digital Transformation in 
Higher Education 

12 “higher education”, “technology”, “online 
learning”, “motivation”, “challenges”, 

“model”, “blended learning” 
2 (Green) Pedagogical Frameworks 

and Performance Metrics 
9 “education”, “performance”, “framework”, 

“flipped classroom”, “mobile learning” 
3 (Blue) Learning Analytics and 

Personalization Dynamics 
8 “personalized learning”, “higher-education”, 

“learning analytics”, “engagement”, 
“support” 

4 (Yellow) Innovation and Adaptive 
Educational Technologies 

7 “personalised-learning”, “educational 
technology”, “student engagement”, 

“adaptive learning”, “educational 
innovation” 

5 (Purple) AI Tools and Generative 
Technologies in Learning 

6 “artificial intelligence”, “chatgpt”, 
“artificial-intelligence”, “generative ai” 

6 (Turquoise) Student-Centered Design 
and E-Learning Ecosystems 

6 “students”, “system”, e-learning”, “design” 
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Research in this cluster appears to be focused on 
creating scalable frameworks that support digital 
education while addressing student motivation and 
technological constraints, as these terms are 
frequently associated with "motivation," "challenges," 
and "model." The development, execution, and 
assessment of online and hybrid modalities are among 
the research that look at how institutions deal with 
technology disruptions, and this cluster reflects those 
studies. It provides a basis for comprehending the 
structural changes in higher education in the era of 
digitalization. 

The educational and assessment aspects of 
personalized learning are the main emphasis of 
Cluster 2. It consists of nine keywords, such as 
"flipped classroom," "education," "performance," 
"framework," and "mobile learning." Together, these 
phrases imply a line of inquiry focused on 
performance results and instructional approaches. The 
coexistence of "performance" and "framework" 
suggests a strong desire to create quantifiable and 
successful educational frameworks. This cluster 
demonstrates how educational academics are working 
to innovate pedagogy by incorporating evidence-
based performance analysis into new approaches. It 
emphasizes how instructional design and evaluation 
are intertwined, with the goal of enhancing the 
efficacy and equality of learning models in various 
higher education settings. 

Cluster 3, which consists of eight keywords such as 
"personalized learning," "higher-education," "learning 
analytics," "engagement," and "support," reflects a 
rich junction of personalization, data use, and student 
involvement. The importance of customizing learning 
experiences in postsecondary institutions is 
highlighted by the existence of both "personalized 
learning" and "higher education" as powerful nodes.  

Learning analytics – the use of data to evaluate, 
forecast, and improve learning outcomes – has 
emerged as a significant effect on this cluster. 
Through real-time adjustments to content delivery, 
pacing, and student support, these insights enable 
educators to create a more personalized learning 
environment. In addition, the word "support" 
highlights the importance of both human and technical 
adaptive scaffolding in helping students understand 
difficult content. This cluster, then, offers insights into 
how learner-centered education is driven by 
technology and analytics, bringing personalization 
into line with both institutional objectives and 
individual success. 

In educational contexts, Cluster 4 focuses on 
research at the intersection of innovation, adaptability, 
and technology.  

 
 

This cluster, which consists of seven phrases like 
"personalized learning," "educational technology," 
"student engagement," "adaptive learning," and 
"educational innovation," highlights the methods and 
resources that propel next-generation personalized 
learning. The terms "personalised learning" (spelled in 
the British spelling) and "adaptive learning" both 
allude to technology that adjust content and feedback 
according to performance in response to each learner's 
development. This cluster essentially reflects a 
forward-looking research agenda that focuses on the 
ways in which pedagogical innovation and smart 
technology might co-evolve to produce inclusive, 
personalized, and engaging learning ecosystems for 
higher education. 

Cluster 5 has six keywords, such as "artificial 
intelligence," "chatgpt," "artificial-intelligence," and 
"generative ai," that are focused on advanced AI and 
generative technologies. The repetition of "artificial 
intelligence" and "artificial-intelligence" suggests that 
the terms have different spellings, but it also 
highlights how important they are as a whole. 
Particularly noteworthy are the terms "ChatGPT" and 
"generative AI," which indicate the swift recent 
change in the conversation about education toward 
AI-generated material, big language models, and the 
potential benefits and risks of these technologies. This 
cluster indicates an evolving discipline that strikes a 
balance between enthusiasm for the potential of 
generative AI and prudence about its ramifications. In 
reaction to the use of generative AI, it also offers a 
techno-social commentary on the upending of 
academic norms and the necessity of new ethical and 
instructional frameworks. 

Cluster 6, which is built on six keywords – 
"students," "system," "e-learning," and "design" – 
focuses on how students shape and experience digital 
learning environments. When creating online and 
mixed learning systems, this grouping emphasizes a 
learner-centered approach. As the primary term, 
"students" symbolizes the trend toward user-centered 
design, in which learning platforms and systems are 
created with the needs, feedback, and active input of 
learners in mind. A large portion of this design work 
is applied in online contexts, as indicated by the terms 
"e-learning" and "system," which emphasizes the 
value of virtual classrooms, digital repositories, and 
learning management systems (LMS). The 
effectiveness of personalized learning technologies 
ultimately rests on how well they prioritize students' 
experiences as co-creators of information as well as 
users. It combines design thinking, educational 
engineering, and pedagogy with the goal of creating e-
learning ecosystems that are adaptable, inclusive, and 
highly sensitive to the diversity of learners. 
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4. Discussion 
 

The results of this bibliometric study show that the 
field of research in the nexus of digital pedagogy, 
artificial intelligence, and personalized learning in 
higher education is dynamic and changing. Through 
mapping its applications and implications, 
foundational research like those by [33], [34], and [38] 
have established AI's conceptual integration into 
education, according to co-citation and co-occurrence 
analyses. More recently, research has focused on the 
disruptive potential of generative tools like ChatGPT 
[36], [37], particularly in connection to academic 
integrity and changing evaluation techniques [24], 
[25]. 

Thematic clusters highlight various but related 
research areas, from learner-centered design [30] and 
ethical issues with AI [27], [40] to pedagogical 
framework building [23] and institutional digital 
transformation [20], [27]. The prevalence of phrases 
like "learning analytics," "engagement," and 
"educational technology" is further highlighted by 
keyword co-occurrence, indicating that flexible and 
quantifiable solutions are valued in a variety of 
scenarios. Strong worldwide contributions, especially 
from China, the United States, and Saudi Arabia, are 
further supported by institutional performance 
patterns. All things considered, the sector seems to be 
coming together around a common goal: Using AI and 
educational technology to promote meaningful and 
fair learning in higher education. 
 
4.1. Theoretical Implications   
 

Several theoretical implications for rethinking 
personalized learning in AI-mediated higher 
education environments are provided by this 
bibliometric review. The study by [21] on inclusion 
alongside recent AI research [22], [35] is noteworthy 
since it shows a theoretical fusion of traditional 
behavioral frameworks with contemporary digital 
systems. Once used to assess user IT behavior, the 
Technology Acceptance Model (TAM) is now 
relevant when assessing students' perceptions of the 
value and trustworthiness of AI tools like virtual 
assistants and learning analytics [28], [29]. 

Furthermore, recent co-cited works – like [14] and 
[25] – indicate the urgent need for models that take 
into consideration the cognitive, emotional, and 
ethical dynamics of students utilizing generative AI in 
the learning process. These include knowing how 
students see, trust, and interact with AI-driven content 
in an ethical manner.  

 
 
 
 
 

Constructivist learning theory and self-
determination theory, both of which could be extended 
to incorporate machine-mediated learner autonomy 
and feedback loops, are theoretically related to the co-
occurrence of terms like "motivation," "engagement," 
and "performance" [16], [31]. 

The theoretical landscape is essentially shifting 
from basic models of human-computer interaction to 
more comprehensive and flexible learning 
ecosystems. Redefining learning theory in the context 
of data-driven, AI-enhanced educational reality is 
imperative, as indicated by the co-citation of various 
literature. 

 
4.2. Practical Implications   

 
The study's practical implications are particularly 

pertinent to curriculum designers, instructors, and 
institutional leaders who want to successfully deploy 
personalization. The popularity of terms like "learning 
analytics" and "performance" (as reported by [20], 
[26]) highlights how crucial it is to use student data to 
modify pace and content in real-time, hence 
promoting evidence-informed instruction. Institutions 
need to make investments in AI technologies and 
analytical dashboards that facilitate formative and 
diagnostic evaluation. 

Concerns over ethical implementation are 
becoming more prevalent, as seen by the inclusion of 
"ChatGPT," "artificial intelligence," and "academic 
integrity" in recent co-citation clusters [24], [39]. This 
necessitates the establishment of institutional 
regulations that govern the moral use of generative AI 
in teaching and assessment procedures as well as 
faculty development programs on AI literacy [23], 
[25]. 

Meanwhile, phrases like "flipped classroom," "e-
learning," and "mobile learning" [41], [42] indicate 
mixed approaches that call for a high level of 
instructional design knowledge and infrastructure 
support. Such models rely on ongoing professional 
development and institutional preparedness in 
addition to digital technologies for success. 

The robust co-citation of research from Saudi 
Arabia, Malaysia, the United States, and China 
indicates that, in keeping with SDG 4: Quality 
Education, international best practices may be 
compared and contextualized across various higher 
education systems. In the twenty-first century, 
personalized learning can be a scalable and inclusive 
approach to higher education by providing teachers 
with ethical frameworks and data-informed tools. 
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5. Conclusion 
 

The intellectual environment, new subjects, and 
changing research goals related to personalized 
learning in higher education from 2015 to 2024 are all 
thoroughly covered by this bibliometric analysis. The 
study has identified important theoretical 
underpinnings, significant publications, and 
cooperative networks that continue to influence the 
conversation by combining co-citation and co-
occurrence studies. By combining cutting-edge 
frameworks centered on AI, adaptive learning, and 
student engagement with traditional ideas like the 
TAM, foundational research has set the stage. There is 
a trend toward serious ethical, practical, and 
pedagogical considerations in AI-driven learning 
settings, as seen by more recent papers, especially 
those that address generative AI technologies like 
ChatGPT. 

This research aligns with (SDG) 4: Quality 
Education by advocating for equitable and inclusive 
access to personalized, technology-enhanced learning 
opportunities. The findings emphasize the necessity of 
ensuring that personalization is learner-centered, 
ethically sound, and accessible to all, regardless of 
socioeconomic or geographic constraints, as global 
higher education systems adjust to technological 
disruption. With an emphasis on creating regulations, 
training teachers, and creating cross-cultural 
implementation strategies, future research should 
continue to look into these areas. 

Overall, the research not only charts the history of 
personalized learning but also provides a glimpse of its 
future direction, which is a more intelligent, 
responsive, and egalitarian higher education system. 
The cross-section of digital transformation, learner-
centered design, data analytics, institutional policy, 
and academic integrity is revealed via thematic clusters 
obtained from keyword analysis. Future research and 
institutional efforts aiming at implementing scalable, 
inclusive, and successful personalized learning models 
heavily rely on these insights. 
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