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Abstract

Over the past few years, a substantial amount of research has been conducted on the use of
artificial intelligence (AI) in education. The latest Al achievements are very important for
education because they expand access and can support personalization of learning at a new
level. Personalized educational technologies leverage data analytics, machine learning,
and adaptive learning algorithms to tailor educational content, learning pathways, and
assessment methods to the individual needs, preferences, and abilities of learners. This
review analyzes and classifies the recent advances in intelligent technologies that support
the personalization of e-learning from a technological perspective. During our literature
search, we used major academic search engines and digital libraries (such as Google
Scholar, Scopus, IEEE Xplore, and Web of Science) together with bibliometric analysis tools
to identify relevant and reputable scientific publications on the use of artificial intelligence
in personalized e-learning. We comprehensively discuss the strengths, drawbacks, and the
state of current use of each type of intelligent technology in personalized education. This
paper also examines current trends in Al-driven personalized education, including the use
of machine learning, learning analytics, adaptive assessment, ontologies, and Generative Al
applications and tools. Furthermore, the study explores future directions in personalized
learning, highlighting the potential of integrating advanced Al models and technologies
to enable real-time personalized learning support. The findings suggest that Al-powered
personalized educational technologies have the potential to significantly improve education
by creating more inclusive, efficient, and learner-centered experiences.

Keywords: personalized education; adaptive e-learning; ontology; learning analytics;
knowledge graphs; machine learning; large language model

1. Introduction

Nowadays, modern education systems tend to shift significantly from traditional
teacher-centered approaches toward learner-centered models that recognize individual
differences among students and provide personalized content. This transformation is
driven by globalization, technological advancement, and the increasing demand for high-
quality education. Educational personalization is a systematic process of adapting learning
content, presentation, feedback, assessment, or task sequencing to a learner’s evolving state
based on observable evidence, such as interaction data, code submissions, test results, errors,
and dialog [1]. Personalization in e-learning can be achieved through intelligent assistants
that support learner interaction and reasoning, personalized worked examples, and practice
sets aligned with the learner’s current state and course context. It also includes flexible
assessment workflows, such as dynamically generated tests, rubric-aligned feedback, and
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explanation-rich grading. Computer-based tools and advanced algorithms are the primary
mechanisms for implementing personalization in e-learning environments.

Personalized e-learning is a variant of technology-enhanced learning in which digital
technologies are used to support or improve learning by adapting the educational process
to individual learner needs. Research on personalization has been conducted across almost
all types of educational systems, including learning management systems (LMS), online
courses and MOOCs, mobile learning applications, and Al-based educational tools. Per-
sonalized education is not yet fully applied in practical educational systems. Although
many modern platforms incorporate personalization features such as adaptive quizzes,
recommendations for educational content, learning analytics, and Al-based tutoring, these
capabilities fall short of enabling truly dynamic personalization throughout the entire learn-
ing process. In practice, implementing fully personalized education remains a significant
challenge due to technological limitations, limited data availability, high implementation
costs, and the complexity of accurately modeling individual learner needs and preferences.
It is important to determine to what extent recent advances in Al technologies can help
achieve more effective, higher-quality personalization in education. Modern Al methods,
especially machine learning, deep learning, and large language models (LLMs) [2], are
highly useful in the educational domain and enable educational systems to better analyze
learner behavior, preferences, performance, and learning patterns in real time. These tech-
nologies may support the easier development of more adaptive learning environments
that can provide personalized content, intelligent feedback, and customized learning paths
according to individual learner needs. The focus of this survey is on the recent advances in
intelligent technologies and the evaluation of their usefulness and effects on personalized
education. The author’s goals are to analyze the current use of different types of Al in
education, examine their future prospects, and explore the possibilities for integrating
multiple Al approaches to enhance personalized learning.

The author’s research questions are:

e  RQI: Which types of artificial intelligence techniques have gained significant impor-
tance in personalized education?

e  RQ2: What are the specifics, strengths, and limitations of Symbolic Al technologies in
the context of personalization of education?

e  RQ3: How are large language models (LLMs) used to support personalized education,
and what educational functions do they perform?

e  RQ4: Which statistical, machine learning, and deep learning techniques are employed to
support personalization, and for which e-learning tasks are they most commonly used?

e RQ5: What are the strengths, limitations, and challenges associated with different
artificial intelligence techniques in personalized education?

e RQ6: What are the current trends, emerging developments, and future research
directions in the application of artificial intelligence to personalized education?

Discussing the specifics of this transformation is the backbone of the research.

This review aims to analyze and synthesize research developments in intelligent
and personalized education between 2016 and 2026, while critically examining the role
of emerging technologies in enhancing learning engagement, effectiveness, adaptability,
and reusability. The central hypothesis of this study is that recent advances in artificial
intelligence (Al) are transforming education by creating new opportunities for personal-
ization, flexibility, adaptive instruction, and enriched learner experiences. In particular,
Al-driven technologies such as learning analytics, machine learning, and Generative Al
are increasingly enabling educational environments to respond dynamically to individual
learner needs and preferences. The exploration of these developments, together with their
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pedagogical implications and relationships with Symbolic Al technologies, constitutes the
foundation of this review.

2. Materials and Methods

This survey analyzes papers published between 2016 and 2026 related to personalized
education with a particular focus on artificial intelligence-driven learning systems. It aims
to identify research trends in the area of personalized education from a technological point
of view. Based on previous knowledge of personalized education and Al technologies, we
first formulated hypotheses regarding the most important keywords and phrases in this
research area. A bibliometric analysis of results from academic search engines was then
conducted to validate the significance of the selected keywords and identify relationships
among them.

2.1. Al Perspective for Personalized Education

Personalization in e-learning is mainly achieved by using computational models,
software systems, and tools that adapt the learning and tutoring process to individual
learners’ needs, behaviors, and goals. Instead of proposing a fixed curriculum, person-
alized educational systems optimize the presentation, content, or workflow of learning
materials according to every specific educational context. Al-driven systems can simulate
key aspects of one-on-one tutoring by diagnosing learners’ errors, providing step-by-step
guidance, adapting explanations, or proposing specific materials. Personalized education
leverages Al-driven tools, knowledge, and data-driven learner models, machine learning,
and LLM-based approaches to propose suitable instructional content, feedback, and person-
alized learning pathways to individual learners. These approaches support the adaptation
of teaching to each learner’s needs and may include intelligent tutoring systems (ITS),
conversational agents, Al tutors, or other Al-based tools and mechanisms for use in the
educational process.

2.2. Search Engines as Data Sources

Education is a multidisciplinary field that integrates theory and methods from di-
verse domains, including psychology, pedagogy, neuroscience, computer science, statistics,
methodology, and domain-specific knowledge.

There is a vast amount of scientific literature in the field of education and educational
personalization, and it is crucial to systematically identify reputable sources that align with
specific research goals. As education covers a broad range of disciplines, the multidisci-
plinary indexing and search engine Google Scholar is one of the best searching tools for our
goal. There are two main problems related to Google Scholar searches: it usually returns
a huge number of results, but only 1000 of them are practically reachable. Another issue
concerns the relevance criteria, which are unclear to users. On the one hand, manually
reviewing 1000 results is impractical; on the other hand, reputable and highly relevant
results may be excluded simply because they fall beyond the first 1000 items. Therefore, to
identify the most reputable content, we decided to use the academic indexing databases
Scopus and Web of Science (WoS). The drawbacks of these sources relate to two main
issues: not all qualified research papers in our area are indexed in these databases, and
searches in these databases are typically limited to titles, keywords, and article abstracts,
which may result in the omission of relevant sources. Therefore, we decided to search both
Google Scholar and the indexes of Scopus and WoS and combine the results. To ensure
the reachability of the Google Scholar results, we performed searches that returned more
than 1000 results, year by year. To ensure the quality of Google Scholar results, we defined
gradual relevance criteria. The number of scientific publications related to the use of Al'in
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education is very large. We agree that some extraction criteria, applied during the selection,
evaluation, inclusion, and exclusion of the retrieved results, are somewhat subjective, and
that it is possible that we have overlooked some of the vast number of results relevant to the
topic. For this reason, we classify this review as a narrative rather than a systematic review,
despite our efforts to provide thorough and comprehensive coverage of the research area.

2.3. Data Collection and Extraction Methodology
The main research steps of the research methodology are:

1. Selection of reputable scientific repositories and relevant keywords aligned with the
research objectives.

2. Systematic search of scientific paper repositories using the selected keywords and
search queries.

3. Definition and application of inclusion and exclusion criteria to filter the retrieved studies.

4.  Detailed analysis, evaluation, and synthesis of the selected studies, followed by a
summarization of the findings.

2.3.1. Selection of Repositories and Formulating Queries

In accordance with the considerations discussed above, the authors used Google
Scholar, IEEE Xplore, Scopus, and WoS for searching the scientific literature.

The authors formulated the following search queries:

For exploring the application of Al technologies in education in general:

SQ1: “Personalized education” and Al

SQ2: “Personalized e-learning” and Al.

The bibliometric analysis tool VOSviewer 1.6.20 was used to construct, analyze, and
visualize bibliometric networks, based on the co-occurrence of keywords. This is useful
for selecting keywords closely related to personalized education and artificial intelligence
(Al)-based technologies. Figure 1 presents the result of the bibliometric analysis of pub-
lications retrieved from the Scopus database using the query “personalized e-learning”,
within the subject area of Computer Science for the period 2016-2026. The selected 10-year
study period, together with the substantial volume of high-quality research included in the
analysis, ensures the significance and reliability of the results. All keywords were initially
considered in the analysis. Given the substantial number of documents and keywords, a
minimum occurrence threshold of five was applied to identify the most frequently used
keywords in the field and examine their co-occurrence relationships. This threshold enabled
the analysis to focus on the most representative terms in the personalized e-learning field
while reducing the influence of infrequently occurring keywords. A total of 50 keywords
met this threshold and were grouped into five clusters. A thesaurus file was applied to nor-
malize terminology by merging synonymous and variant terms. A minimum link strength
threshold of four was also applied to improve the readability of the co-occurrence network
by displaying only the most significant relationships among keywords. The map indicates
that Al technologies, including deep learning, machine learning, ontologies (related to
semantics, learner models), educational data mining, learning analytics, and knowledge
graphs, are key concepts closely related to personalized learning. This comprehensive
analytical map provides valuable insights that support the identification, exploration, and
classification of intelligent technologies in education. Based on semantic analysis, these
concepts were grouped into three categories: Symbolic Al concepts (including SSSSD
ontology, KG), Generative Al technologies (including LLM), and statistically driven Al
technologies (including ML and LA).
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Figure 1. Bibliometric network visualization (keyword co-occurrence) based on the first 200 Scopus-
indexed publications retrieved using the query “personalized e-learning”, ranked by relevance,
covering the period 2016-2026.

To explore the application of Symbolic Al technologies in education, the following
queries were formulated:

SQ3: “Personalized education” and KG.

SQ4: “Personalized e-learning” and KG.

SQ5: “Personalized education” and Ontology.

SQ6: “Personalized e-learning” and Ontology.

To explore the application of Generative Al technologies in education, the following
queries were formulated:

SQ7: “Personalized education” and LLM.

SQ8: “Personalized e-learning” and LLM.

To explore the application of Statistically Driven Al technologies in education, the
following queries were formulated:

SQ9: “Personalized education” and LA.

SQ10: “Personalized e-learning” and Learning Analytics.

SQ11: “Personalized education” and ML.

SQ12: “Personalized e-learning” and ML.

To explore the application of combinations of Al technologies in education, the follow-
ing queries were formulated (using abbreviations or full names and removing duplicates
from returned results):

SQ13: “Personalized e-learning” and LA and Ontology.

SQ14: “Personalized education” and LA and Ontology.

SQ15: “Personalized education” and ML and KG.

SQ16: “Personalized e-learning” and ML and Ontology.

SQ17: “Personalized education” and ML and LLM.

SQ18: “Personalized education” and LLM and Ontology.

SQ19: “Personalized education” and ML and LLM and ontology.

SQ20: “Personalized education” and ML and LLM and KG.
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2.3.2. Searching Strategy

The search queries were submitted to Google Scholar, IEEE Xplore, Web of Science,
and Scopus. Different search engines were used for distinct purposes (i.e., Google Scholar
to identify trends in overall research activity and locate accessible full-text publications;
WoS and IEEE Xplore to identify high-quality, peer-reviewed literature; and Scopus was
employed mainly for bibliometric analysis). Search engine filters were applied to exclude
non-English publications and books. In Web of Science (WoS) and IEEE Xplore, keyword-
based searches were performed, while Scopus was searched using the advanced search
function. In Google Scholar, the search results were sorted by relevance, and the search
was conducted year by year to ensure that all relevant results could be accessed. Formal
duplicate removal between search engines was not initially performed. Duplicate records
were removed between pairs of similar search queries (SQ3 and SQ4; SQ5 and SQ6; SQ7
and 5Q8; SQ9 and SQ10; SQ11 and SQ12; SQ13 and SQ14). Nevertheless, we systematically
collected records retrieved from different search engines and removed duplicates during
the exploration of the retrieved results. Based on an initial search and applying brief
exclusion and weak relevance criteria to titles and snippets, 943 potentially relevant records
were identified through Google Scholar, 382 through IEEE Xplore, 640 through Web of
Science (WoS), and 423 through Scopus. After removing duplicate records, 978 unique
studies remained. Following a careful screening of titles and abstracts, 325 papers were
selected. After excluding papers for which the full text was unavailable, as well as those
for which a brief full-text review was sufficient to classify them as irrelevant, 236 papers
were retained for full-text reading. The full text of most of these papers can be retrieved
through Google Scholar after locating them using other reputable search engines. Google
Scholar often provides multiple versions of the same paper, including freely accessible
full-text copies. Searches were performed between 20 May and 14 June, and 80 studies
meeting the inclusion criteria were included in the final review. The remaining papers
were excluded because they reported findings similar to those of the selected studies but
with lower methodological quality than the selected studies or were deemed irrelevant
to the scope of the review. Between 28 June and 1 August 2026, we reran most of our
search queries and rechecked the retrieved results to ensure the reliability of the review.
During this stage, eight records from the initially selected studies were excluded: three
were removed due to weak relevance (more relevant papers were found), two because
they were inaccessible, and three because they represented older versions of more recent
publications. In addition, 13 newly identified records were included. Consequently, the
final review comprised 85 records.

During the screening process, records were initially assessed based on their titles,
abstracts, and keywords to identify studies eligible for full-text review.

Finding appropriate scientific literature requires the ability to effectively search, filter,
evaluate, and synthesize results obtained from multiple information retrieval systems.
Boolean topic searches using combined queries in Web of Science or Scopus retrieved only
a small number of relevant publications, while semantic searches (especially those based
on queries submitted to Google Scholar) produced an enormous result set, with more than
half of the retrieved records being irrelevant to the research topic. Therefore, we relied
on reputable scientific databases to identify high-quality research papers, and we also
used the broad search capabilities of Google Scholar to analyze research trends and to
discover relevant publications that are not indexed in Web of Science or Scopus, as well
as publications in which our keywords do not explicitly appear in the title, abstract, or
keyword sections. We used Smart Search in Web of Science and semantic search in Google
Scholar, followed by the removal of irrelevant results during the trend identification task.
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Both queries, including “personalized education” and “personalized e-learning”, were
submitted to the search engines due to the limitations of keyword-based searches. In
some cases, the two queries yielded similar results, while in others the returned results
differed significantly.

2.3.3. Formulate and Apply Inclusion and Exclusion Criteria

The first exclusion criterion is language. All searches were performed within English-
language content. Another exclusion criterion is publication year. We included only
publications published in 2016 or later. Relevance is also an important criterion. In search
engines, we sorted results by relevance and then browsed the newest relevant results first,
based on snippets.

For comprehensive reading and analysis, we primarily selected well-structured papers
with clearly defined research questions stated in the abstract and introduction. Preference
was given to reputable publications, particularly those appearing in Q1 and Q2 journals,
as well as to sources with a substantial number of citations. However, these criteria were
applied flexibly rather than as strict inclusion requirements. An important flexible inclusion
criterion is the number of citations. A high citation count (for example, 80-100 or more
citations for papers published after 2024, or 200 or more citations for papers published
before 2020) can serve as an indicator of the paper’s quality and impact within the field.

For some evaluation goals, we also defined gradual relevance criteria:

A study was considered strongly relevant if the discussed technology was explored
in depth, applied in practice, and successfully evaluated. Accordingly, Table 1 contains
predominantly strongly relevant studies, supplemented by a limited number of relevant
ones. A result was relevant if the discussed technology was comprehensively explored and
used, but comprehensive evaluation was not a requirement. Strongly relevant results were
also included in the group of relevant results.

A study was classified as weakly relevant if the technology under discussion was at
least briefly mentioned without substantive analysis, or represented a minor aspect of the
study, or was merely reported as having been used without evaluation. Weak relevance
was considered sufficient for assessing the popularity of a technology, without implying
that the publication constituted a substantial contribution to the research field. Accordingly,
weakly relevant publications were included in the analysis of publication trends based on
Google Scholar or WoS results. For example, a review article may briefly discuss several
technologies or tools in only a few sentences, without providing a deeper analysis or
evaluation. Such a review would have been classified as weakly relevant with respect
to the technologies discussed. Most papers whose full texts were not accessible and that
appeared to be relevant were classified as only weakly relevant. Relevant and strongly
relevant results were also used as weakly relevant in Google Scholar-based trends.

2.3.4. Detailed Analysis of the Returned Results and Summarization of the Content

We conducted keyword-based Boolean searches in WoS and advanced searches in
Scopus databases in abstracts, titles, and keywords. This approach yielded high-precision
results (based on our experience, about 90-100% of the results were relevant). We then used
Google Scholar to retrieve full-text versions of the identified papers. We also performed
bibliometric analysis using the VOSviewer tool on selected results returned by Scopus,
and statistical management and visualization of most of the results through diagrams. To
outline research interests and relations between research topics, a bibliometric method
was applied through the construction of bibliometric maps. The bibliographic data were
collected from the Scopus scientific database on 28 May 2026 using several search queries
related to the application of Al in personalized education. The searches were conducted
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within article titles, abstracts, and keywords, and the results were sorted, taking into
account publication relevance. The created bibliometric maps with VOSviewer are distance-
based. The VOSviewer maps show the importance of the items through different sizes of
circles and label sizes. Related items are grouped in clusters, and every cluster is visualized
in a different color.

To summarize, visualize, and identify trends in the returned results across the outlined
research areas, we also used Microsoft Excel spreadsheets and charts. Built-in analytics
tools available in Scopus and Web of Science (WoS) were also used.

To answer the research questions, we performed thematic synthesis of selected papers,
based on reading of the studies. We thoroughly examined the selected articles, categorized
them according to the discussed Al types and properties, and identified those valuable
for education (see Table 1). During the reading, we aggregated and systematized trends
across various Al types and personalization approaches to address our research questions.
Classification and aggregation were performed through repeated reading of the studies,
manual segmentation, and analysis of relevant texts.

3. Results

Adaptive content recommendation and real-time personalization remain the main
personalization-related goals in intelligent tutoring systems. Research on the use of emerg-
ing intelligent technologies to enhance learning by personalization is analyzed and dis-
cussed in [3]. The use of Al in the content creation process, including Al-enhanced VR
platforms and the development of assessment materials and new assessment methods, is
also discussed. As a result of our research, we classify data analysis and artificial intelli-
gence techniques and tools used for personalization of education into the following four
categories based on their foundational characteristics (see Figures 2 and 3):

e  Symbolic AL;
e  Generative Al
e  Statistically driven intelligence/machine learning;
e Al-powered tools.
Data analysis and Al for personalized education
A 5\
Statistics -
driven Al Generative Al
Symbolic Al

Machine

Learning
Case-based . Analytics
reasoning Ontologies

For perso-| | For direct
nalization use
/'y

Rule-based |E10wledge
reasoning oraphs CF

Predictive | [Knowledge
algorithms Tracing

Figure 2. Classification of Al- based technologies, used in education (RQ1).

This section presents an overview of Al technologies and their perspectives, drawing
on selected significant findings from the scientific literature identified through our literature
search. The findings addressing RQ1 are presented in the following subsections, organized
according to the different types of Al technologies employed in personalized education.
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Al powered tools in personalized education |

T =

I Virtual reality tools Chatbots |

Assessment tools Al Tutors

Sensor-based tools | | Gaming tools

Figure 3. Classification of Al-powered tools used in education (RQ1).

3.1. Use of Emerged Symbolic Al Technologies for Personalization of E-Learning (RQ2)

Symbolic Al technologies use explicit knowledge representation by rules, ontologies,
knowledge graphs, and logical reasoning rather than statistical operations, interpolation,
prediction, or machine learning. In educational contexts, Symbolic Al is commonly used in
rule-based educational systems, intelligent tutoring systems, and rule-based assessment tools.

Expert system-based educational systems are a relatively old research area [4-6].
These systems emulate the decision-making processes of human experts through rule-
based or case-based reasoning. They frequently use structured knowledge bases to model
pedagogical knowledge or learners” knowledge. These systems can propose diagnoses
of learners’ educational problems, deliver adaptive feedback, provide some personalized
guidance, and support problem-solving. Their advantages are transparency, consistency,
and explainability of decisions [6]. The limited flexibility and extensibility of these systems,
combined with the challenges involved in developing sophisticated knowledge bases,
reduce their overall viability. The author found that the future of expert system-based
intelligent approaches in education lies in their integration with data-driven and LLM-
based Al

Most of the rule-based personalized intelligent educational systems are expert system-
driven platforms that use structured domain knowledge and apply pedagogical rules to
adapt instruction, feedback, and learning paths to individual learners [6]. The rule-based
approach in personalized education ensures interpretability and pedagogical control, and it
is frequently used in combination with other AI approaches in ITS. Its use is limited due to
scalability and adaptability constraints. Data-driven personalization methods are frequently
used instead. A restricted set of rules can be successfully combined with ontology-based
and knowledge graph-based models.

Ontologies are increasingly used to represent structured educational knowledge in
a machine-processable way. They can be used for modeling learners’ profiles, learning
goals, educational domain content, and relationships among them [7]. Ontologies enable
personalization to be driven by semantic knowledge structures rather than relying solely
on statistical methods. The hypotheses of the usefulness of ontologies for strengthening
the formal structure of educational content and increasing the effectiveness of learning
recommendations are discussed and proved in [8]. The multi-agent system-based proto-
type, which uses profile, domain, and resource ontologies, was developed. It shows how
the semantic web and ontologies can promote personalization, collaboration, and interop-
erability in distance learning. Researchers conclude that working together, domain, user,
and resource ontologies, and rules can increase the relevance of the proposed educational
resources and enrich the learning experience. The framework for developing intelligent
educational technologies where knowledge graphs, ontologies, and intelligent agents can
be used to improve the adaptability of educational content and enhance personalization in
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education is proposed in [9]. It is mainly intended for educational resource discovery and
knowledge sharing in educational environments.

The strengths of ontologies for personalized learning include interpretability and
explainability, support for logical reasoning and control, and explicit representation of
domain knowledge. Ontologies were used for learner models, tutoring domain knowledge
representation, and pedagogy-related knowledge representation, supporting learning path
selection, recommendations, and assessment decisions. Recently, the application of ontolo-
gies in e-learning has shifted toward competency frameworks, learning outcomes, and
skills ontologies (often aligned with standards such as ESCO or Bloom’s taxonomy) to sup-
port outcome-based education, inclusive education, lifelong learning, competency-based
education, and ensure interoperability between e-learning systems. However, their limita-
tions include low scalability, limited adaptability to complex and unstructured data, and
significant development and maintenance challenges. Ontologies are also very useful in
combination with learning analytics techniques to support the structuring and integration
of learning analytics data, enabling semantic interoperability across LMSs, MOOCs, and
assessment systems. However, their limitations include low scalability, limited adaptability
to complex and unstructured data, and significant development and maintenance chal-
lenges. To address the complexity problem, there is a trend toward lightweight, modular
ontologies that are easier to design, extend, and maintain compared to large monolithic
models. Educational ontologies are increasingly deployed as knowledge graphs, decreasing
complexity and enabling richer semantic search, recommendation, and reasoning across
educational resources.

Knowledge graphs structure knowledge as interconnected entities and relationships,
enabling intelligent systems to understand both the content being taught and the learner’s
individual characteristics. They have emerged as an important technology for enhancing
personalized e-learning by representing relationships among learners, learning resources,
concepts, skills, assessments, and educational activities [9]. One of the main applications
of KGs is the creation of dynamic learner models, including learner competencies, prior
knowledge, and history, learning goals, and interests. KGs can support adaptive learning
pathways by representing dependencies between concepts and skills [10]. Challenges
related to the use of KGs in personalized e-learning and their limitations include KG con-
struction complexity, difficulty in representing learner emotions and behaviors, scalability,
and maintenance problems [10]. Although KGs provide structured knowledge, they usu-
ally require additional Al techniques for advanced personalization. Combining KGs with
machine learning, deep learning, natural language processing, and large language models
can improve prediction and adaptation.

3.2. Generative Al and Personalized E-Learning (RQ3)

Our review indicates a rapid growth in research on the use of LLMs in personalized
education over the past five years. LLMs can provide context-aware explanations, gen-
erate worked examples (including programming code and text), and deliver adaptive
feedback, making personalized learning more feasible and effective. LLMs are very useful
in finding syntax or natural language semantic errors. The use of Generative Al in educa-
tional contexts (e.g., automated explanation generation, conversational interactions, and
contextual hints) is a rapidly growing trend. Recent systematic reviews show the role of
LLMs in explanatory feedback, adaptive artifact review, and Al-augmented assessments [1].
Personalized educational systems can use LLMs in two different ways:

e Implement or enable GenAl-based personalization;
e  Only use generic Al technologies.
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GenAl-powered personalization means that LLMs use one or more of the following:
past behavior, preferences, goals, and context (location, device, and time), intent, language,
tone, style, etc., when generating texts, recommendations, explanations, or conversations.

GenAl-powered personalization differs from traditional personalization across several
dimensions:

e  Recommender systems primarily propose what learning content should be presented
in the next step, whereas GenAl-based personalization mainly determines how that
content is presented, explained, and adapted to the individual learner.

e Recommender systems require the collection and management of some data before
every adaptation step, and this makes adaptation slower. GenAl-based adaptation is
performed in real time.

e The pedagogical focus of classical adaptation is curriculum sequencing, whereas the
main goal of GenAl-based personalization is understanding.

e Typical recommender systems information collection techniques are collaborative
filtering and knowledge tracing, whereas GenAl-based techniques include LLMs, and
the results depend on prompting.

e Recommender systems typically rely on information collection and modeling tech-
niques such as collaborative filtering and knowledge tracing. GenAl-based personal-
ization leverages the contextual reasoning capabilities embedded in LLMs, with the
quality and characteristics of the generated output largely depending on the prompt
and the contextual information provided.

GenAl is used for personalized content generation, including customized explanations,
content relevant to learner interests, summaries at different difficulty levels, or other alternative
learning materials. GenAl can also be used for personalized assessment, including dynamic
quiz creation, generating adaptive difficulty questions, or practice exercises focused on weak
areas [11]. Al can also provide detailed instant feedback, skill gap analysis, and personalized
recommendations for next steps, as well as personalized language and accessibility support,
including translating learning materials, simplifying complex texts, and adapting content to
accommodate learners’ language proficiency and accessibility needs.

Most LLMs act as virtual tutors. Large language models are not personalized. Person-
alization is performed during interaction through prompting. LLMs use the conversational
context when generating responses. Because they automatically incorporate relevant per-
sonal and contextual information into the prompt context, the responses they generate are
inherently context-dependent. Personalized educational systems can use personalization
strategies during prompt generation to produce personalized answers.

GenAl-enabled personalization can also be achieved by incorporating generative
capabilities into educational games. This may include personalized storylines and dialogs,
adaptive hints and explanations, reflective prompts accompanied by personalized feedback,
and real-time adaptation of gameplay based on the learner’s interactions and progress [11].

Despite the significant potential of GenAl to support personalized education, several
challenges and limitations are associated with its use. A major problem related to GenAl
use is the reliability of Al-generated content, as systems can produce inaccurate information,
fabricated references, and biased outputs that may mislead learners. LLMs are trained on
large internet datasets that may contain cultural, gender, or language bias. Such biases may
negatively affect learners from diverse backgrounds. Privacy and data security concerns
also arise from the collection and processing of student information. Moreover, unequal
access to Al technologies may widen existing educational disparities [11]. Personalization
can improve engagement and motivation, but the quality of adaptation depends on the
accuracy of the learner’s prompts and the model’s interpretation of their needs. LLMs rely
on contextual information, but the context they receive may be incomplete or ambiguous,
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which can lead to the generation of inaccurate or limited information. The absence of a
sound pedagogical foundation and the ease of accessing information do not necessarily
enhance the learning process. While LLMs provide rapid access to knowledge, effective
education requires structured guidance, critical thinking, and instructional design rather
than information alone. LLMs are a relatively young technology, and there is currently
insufficient evidence to support claims of their universal effectiveness across all educa-
tional contexts. They have demonstrated benefits in writing support, formative feedback,
language learning, programming education, some personalization tasks, and teacher as-
sistance. Evidence remains limited regarding their effectiveness in fostering higher-order
thinking and replacing human pedagogical guidance across diverse educational contexts.

The research [12] proposes an approach to utilize LLMs in higher education curricu-
lum modeling, combined with KGs to create recommendations based on personalized
learning paths. The research was focused on modeling educational domain topics and
linking them to corresponding domain models, used in different faculties and institutions.
Domain, curriculum, and user models for university modules are developed and used.
This is a promising approach, as personalization based solely on LLMs remains a signifi-
cant challenge. Current LLMs primarily rely on short-term conversational context rather
than well-structured representations of learners, pedagogical strategies, tutoring processes,
or learner reasoning. As a result, their ability to provide truly personalized educational
support is limited. Integrating LLM-powered technologies with symbolic knowledge
management systems or other Al-driven technologies and tools could enhance personal-
ization by enabling more accurate reasoning about learners’ needs, learning progress, and
instructional objectives.

3.3. Statistics-Driven Intelligence for Personalization of E-Learning (RQ4)

Statistics-driven Al encompasses data-driven approaches that analyze educational
data to support personalization and decision-making in learning environments. Statisti-
cal models, including learning analytics, educational data mining, and machine learning
techniques, are employed to infer learner characteristics, predict academic performance,
identify learning patterns, and adapt instructional content to individual needs. Although
Generative Al is also grounded in statistical modeling, its distinctive capabilities—such
as content generation, natural language interaction, creative problem-solving, and ab-
sence of explicit relationships to personalized education—differentiate it from traditional
data-driven approaches. Consequently, this review considers generative Al as a separate
category within the broader landscape of Al-powered educational technologies.

Statistics-driven approaches can be classified as model-based and statistical algorithm-
based. Model-based approaches include machine learning models (e.g., decision trees,
random forests, and neural networks) and probabilistic models (e.g., Bayesian networks
and Hidden Markov models). Statistical algorithm-based approaches include collaborative
filtering, matrix factorization, clustering, and predictive analytics for learner profiling.
Clustering and classification models segment learners based on engagement and outcomes.

Statistics-driven Al algorithms are usually used for predictions and as a source of
information for personalized instruction. The learning activities were designed and recon-
structed to create a personalized learning scenario and collect data describing students’
learning behavior [13]. The collected data can subsequently be analyzed using learning
analytics techniques to predict students’ performance.

Statistics-driven Al systems in education rely on the collection and analysis of large
volumes of student data, including information related to learners” knowledge states, learn-
ing performance, and behavior. This data often includes sensitive personal information,
making data protection critical. The main strengths of statistics-driven algorithms are
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their high adaptability and scalability when processing large and diverse datasets, includ-
ing complex, high-dimensional, and unstructured data. They are particularly useful for
real-time personalization in MOOCs and LMS platforms. Limitations of these approaches
include limited interpretability and explainability, and reduced pedagogical and domain
transparency compared to rule-based or ontology-driven approaches.

Table 1 presents the categorization of statistical algorithms used in personalized
education and their main application goals.

Statistical algorithms’ results depend heavily on learner data. Poor-quality data
reduces accuracy. Another problem related to statistics-based algorithms involves privacy
and ethical concerns. Some algorithms are designed to optimize statistical accuracy rather
than educational effectiveness, which may not always support learners’ needs. Other
challenges include interoperability among different systems and the large amount of data
generated and collected.

Table 1. Statistical algorithms used in personalized e-learning (RQ4).

Category Main Role in Personalization Process Example Algorithms
Descriptive statistical models Summarize learner behavior and . .
(DSM) performance, learning style profiling. PCA, correlation analysis [14]
Forecast outcomes; Logistic regression
Predictive algorithms (PA) [14] Identify at-risk students; 08 8T ¢
. linear regression [13]
Predict mastery or dropout.
Adaptive recommendation Personalize content; personalize Collaborative filtering (CF),
algorithms (ARA) curriculum paths, adaptive quizzes. content-based filtering (CBF) [15]

Psychometric algorithms for
personalized education

Measure ability, model learner ability and
question difficulty; Measure competence Item response theory, Rasch.
accurately, create adaptive testing.

Clustering and segmentation Segment students into categories based on K-Means, Gaussian mixture

algorithms [14]

educational data. models (GMM)

Machine learning is used in personalized learning to analyze learners” data and
provide the basis for adapting educational content, teaching strategies, and learning paths
according to the needs of individual learners or groups of students. Based on information
about learners’ performance, behavior, preferences, progress, and interaction patterns,
machine learning algorithms can identify strengths, weaknesses, knowledge, or other
specific characteristics of learners and predict their future learning outcomes. Based on
this analysis, educational systems can recommend personalized learning materials, adjust
the difficulty level of tasks, provide adaptive assessments, and generate individualized
feedback in real time. Machine learning is commonly applied in intelligent tutoring
systems, learning management systems (LMS), adaptive learning platforms, MOOCs,
and mobile learning applications [16] to improve learner engagement, efficiency, and
academic performance.

Machine learning techniques were most frequently used in personalization-related
tasks such as:

o  Identifying learners’ learning styles [16];

e  Identifying students who are likely to drop out before it happens by learning patterns
associated with previous dropouts and predicting future risks [17,18].

e Applying machine learning technologies in online education platforms to support
learning behavior analysis using learning behavior data from online education plat-
forms [19].
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e  Using facial emotions to detect the real-time engagement of online learners using a

deep learning approach [20].

e Dynamic educational content sequencing using deep reinforcement learning

algorithms [21].

e Enhanced learner profiling through the use of a multimodal clustering algorithm [21].

ML techniques have been evaluated in MOOCs and university LMSs, particularly in
domains such as mathematics, programming, and language learning. Their applications in-
clude adaptive tutoring, adaptive content recommendation, and predictions in educational
systems. Strong evidence supports the effectiveness of ML techniques in predicting student
success, identifying learners at risk of failure or dropout, and providing adaptive content
recommendations to enhance learning. The results of studies evaluating ML techniques
in educational contexts are not uniformly positive. Unlike human teachers, ML models
identify statistical patterns rather than understanding emotions, motivation, or classroom
dynamics. Adaptive recommendations improve engagement, but they rely heavily on accu-
rate learner data. Incomplete or biased data may lead to inappropriate learning paths that
limit student growth. Prediction models are probabilistic rather than definitive. Incorrect
predictions (false positives or false negatives) may unfairly label students or overlook those
who need support.

Recommendation systems may create “learning bubbles,” repeatedly suggesting simi-
lar content and limiting exposure to broader perspectives or more challenging topics.

Multimodal data include data collected from multiple types of sources, including
multimodal and multisensory interfaces such as depth cameras or Internet of Things
devices. Such data provide important information about the learning process. Multimodal
data can enrich learner models and task representations, thereby enabling more accurate
adaptation and more effective personalization. The exploration of these data sources has led
to the development of Multimodal Learning Analytics (MMLA), which is a valuable trend
in personalized education. Multimodal Learning Analytics (MMLA) focuses on collecting
and analyzing data from multiple aspects of the learning process to better understand and
improve learning. By integrating and analyzing data from multiple modalities, MMLA can
provide valuable insights into learning dynamics, thereby supporting the design of more
effective and personalized feedback [22].

The use of deep learning models, especially DNNSs, for emotion detection from facial
expressions in real-time personalized applications is a key trend in personalized learn-
ing [23]. Machine learning and deep learning techniques are increasingly used in tutoring
systems to support personalized e-learning experiences. Machine learning models analyze
learner behavior, preferences, and performance to adapt content, assessments, and recom-
mendations. Deep learning approaches, such as neural networks and Deep Knowledge
Tracing (DKT), improve the modeling of learner knowledge and enable more accurate pre-
dictions of student progress. Additionally, natural language processing and large language
models facilitate conversational tutoring and personalized feedback. Typical application ar-
eas and purposes of machine learning (including deep learning) techniques and algorithms
for personalization of e-learning are presented in Table 2.

Technical and contextual limitations of deep learning in education include high
GPU/TPU costs and maintenance, the need for large, high-quality datasets, poor per-
formance on underrepresented languages/cultures, and misalignment with instructional
design [21].
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Table 2. Typical purposes of Machine Learning techniques and algorithms in personalization subtasks (RQ4).

Machine Learning/Deep Learning

Personalized Subtask Types Techniques and Algorithms

Purpose

Group learners by behavior and

Learner profiling performance.

Classification and Clustering [21]

Deep Knowledge Tracing (DKT),
Neural Networks [24,25]

Predictive Models

Knowledge tracing Predict learner mastery over time.

Adaptive assessments Adjust quiz difficulty dynamically.

Learning pathway personalization Reinforcement Learning [21] Optimize learning sequences.

Identify conceptual

Misconception detection . .
P misunderstandings

NLP and Deep Learning

Conversational tutoring Large Language Models (LLMs) [2]

Learning analytics and neural
networks

Predictive Analytics [26]

Provide interactive explanations.

Engagement prediction Detect disengagement or frustration.

Performance prediction Forecast academic outcomes.

Our analysis indicates that different Al technologies possess distinct strengths and
limitations, making them suitable for different personalization tasks depending on the
specific requirements of each application. Based on the literature reviewed, we conclude
that the choice of technology should be guided by the nature of the task, the available data,
and the desired outcomes. Below, we summarize the key strengths and limitations of each
Al technology, together with our assessment of their recommended use and supporting
evidence reported in the literature. To ensure a transparent and consistent interpretation of
the strength of evidence, this review adopts the terminology of the GRADE (Grading of
Recommendations Assessment, Development and Evaluation) framework, which is widely
recognized for assessing the certainty and quality of evidence. Strengths and limitations of
the above-discussed three types of Al technologies are summarized in Table 3 (RQ5).

Table 3. Strengths and limitations of different types of Al technologies used in e-learning (RQ5).

Technology Strengths Limitations Use
Explainability and Knowledge acquisition In complex ITS, IES;
transparency; bottleneck; poor handling .
. . . In rule-based recommendation
explicit pedagogical of uncertainty and . .
. L . systems; for adaptive learning
reasoning; ambiguity; high .
I . path generation and use; for
. easier incorporation of development and .
Symbolic Al . . . . student modeling; for
educational theories; better = maintenance cost; limited . .
s . curriculum planning and
control over adaptability; high . .
- . . . prerequisite reasoning; for
personalization logic; reasoning complexity
. L automated feedback
improved trust for teachers (exponential in
and assessment.
and learners. many cases).
Improves automatically
with more interactions; Limited understanding of For predicting, quantifiable
handles uncertainty well; context; lack of data are used;
. trong prediction transparency and for personalized content
Statistical AT strong predictio sparency or perso ed conte

capabilities; scalability;
works well with
unstructured data;
discovers latent patterns.

explainability; privacy and
data concerns depend on
the quality of trained data.

recommendations;
language and
accessibility support.
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Table 3. Cont.

Technology

Strengths

Limitations

Use

Generative Al

Can create learning
materials tailored to each

student’s skill level,
preferred learning style,
and interests; can provide
immediate feedback; can
explain the same concept
in different ways;
can improve engagement
and ensure

scalable support.

Inaccurate Information
(hallucinations); lack of
true understanding;
privacy and security
concerns; high
computational costs; lack
of transparency.

For quick content generation;
customized lessons for students;
personalized marketing emails;

adaptive chatbot responses;
and individualized study plans;
accessible learning;
self-paced education.

Table 4 presents the key evaluation contexts, outcomes, and the strength of the evi-

dence for intelligent technologies used in personalized education.

Table 4. Intelligent technologies for personalized e-learning, evaluation contexts, outcomes and

evidence strength.

. S . . Strength of the
Technology Main I;irrslgtr: 2lrizat10n Typlczloi(::;:s tional Outcomes Evaluated Theoretical/Empirical
Evidence
Learner modeling, Recommendation Comprehensive
Ontolosies curriculum Higher education, ITS, = accuracy, competency long-term, lasting
& representation, LMS mapping, teacher theoretical /moderate-
semantic reasoning support low empirical
Concept dependency Recommendation Long-term—lasting
Knowledge Graphs modeling, adaptive STEM, MOO.Cs, higher quality, navigation, theoretical /moderate
pathways, education conceptual empirical evidence
recommendation understanding P

Machine Learning

Prediction and
adaptation

MOOQC:s, universities,
K-12

Performance prediction,
dropout detection,
adaptive sequencing

Strong: decades of
theoretical and
empirical research

Learning Analytics

Monitoring,
dashboards, feedback,
intervention

Higher education,
online learning

Engagement,
achievement, retention

Strong;:
well-established
theoretical
framework/Strongest
empirical base

LLMs

Conversational
tutoring, feedback,
content generation

Higher education,
language learning,
programming, medical
education

Learning gains,
engagement, writing
quality, satisfaction

Moderate, rapidly
growing
theoretical/emerging
moderate-low
empirical

The number of relevant WoS results returned by queries including Symbolic Al
(5Q3-5Q6), Generative Al (SQ7, SQ8), and Statistically Driven Al (SQ9-5Q12) indicates
a stable, slowly growing scientific interest in Symbolic Al applications and rapidly grow-
ing research on Generative Al and Statistically Driven Al applications in personalized
education (see Figure 4, RQ6).
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Figure 4. Trends in overall research activity, related to the use of Al technologies in personalized
education (RQ6) (Relevant or weakly relevant WoS results).

3.4. Al-Powered Tools for Personalized Education

In this category, we group tools used in personalized e-learning with built-in intelligent
capabilities, including chatbots, Al tutors, gaming tools, sensor-based intelligent tools,
assessment tools, and virtual reality tools.

Chatbots and virtual assistants typically leverage built-in intelligence to provide inter-
active guidance and to support learner motivation throughout the learning process [27].
Al-powered chatbots are used to support students during learning and homework activi-
ties, including the development of various skills. Chatbots also offer significant benefits for
educators by providing time-saving assistance and supporting improvements in teaching
practices and pedagogical strategies. However, Ref. [27] also identifies significant chal-
lenges and critical factors related to the application of Al tools, such as reliability, accuracy,
and ethical considerations.

Affective computing, including facial expression and multimodal emotion recognition
for personalization in education, continues to grow as a major research area [28]. Emotional
states (e.g., engagement, frustration), emotion models, and multimodal fusion approaches
are increasingly seen as crucial for adaptive learning systems.

Some assessment tools for dynamic test generation, automated scoring, rubric-aligned
feedback, and diagnostic insights have built-in intelligence. Computerized adaptive testing
frequently uses NLP and classification models.

A framework for simplifying the development of personalized educational content
and a detailed methodology for integrating GenAl into curriculum design processes to
reduce developers’ workload are proposed in [29].

Intelligent personalized educational gaming tools are Al-driven learning environ-
ments that integrate serious games, adaptive learning technologies, learning analytics,
and intelligent tutoring systems to provide individualized educational experiences. These
tools continuously monitor learner performance, engagement, cognitive progress, and
behavioral patterns, using techniques such as machine learning, reinforcement learning,
knowledge tracing, and psychometric modeling to dynamically adjust game difficulty,
learning content, feedback, and rewards [30]. By combining educational objectives with
game-based interaction, intelligent gaming tools enhance learner motivation, knowledge re-
tention, and skill development while supporting personalized learning pathways. Research
has demonstrated that adaptive serious games can improve learning outcomes through
context-aware personalization and learner-centered progression [31], while Al-supported
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gamification and game analytics enable real-time adaptation, predictive assessment, and
targeted interventions tailored to individual learner needs.

Knowledge tracing engines in educational systems are Al-powered tools that model
and predict a learner’s evolving knowledge state over time by analyzing their interactions
with educational content, such as quiz responses, problem-solving attempts, and learning
activities. They estimate the probability that a student has mastered specific skills or
concepts and use this information to personalize instruction, recommend appropriate
learning resources, and adapt the difficulty and sequence of learning tasks. Advanced
knowledge tracing models include attention-based and transformer-based architectures,
which can improve the accuracy of student knowledge predictions and adaptive learning
recommendations [32].

Al tutors function as always-available assistants that can explain concepts, generate
examples, debug programming code, and give hints. This can reduce the bottleneck of
waiting for an instructor or teaching assistant to help, especially in large classes. One
of the strongest advantages is personalized pacing. Students in programming courses,
for example, typically have widely varying backgrounds: some struggle with loops and
variables, while others are ready for recursion or data structures. An Al tutor can adapt
explanations, offering simpler analogies for beginners and more advanced optimizations or
edge cases for stronger students [33]. Integrating Al tutors can significantly reshape how
students learn, how instructors teach, and how assessment works.

Al-powered virtual reality (VR) is widely used in medical simulations (e.g., surgery
practice with adaptive feedback) [34], engineering labs (virtual equipment troubleshooting),
programming, and STEM education with interactive 3D models. Al adjusts difficulty,
provides hints, or acts as a virtual tutor inside such environments. The key challenges
associated with the use of Al technologies in virtual reality (VR)-based educational tools
include the high computational demands of Al-powered applications, which can constrain
real-time performance, latency issues that may reduce the quality of immersive experiences,
concerns related to safety and behavioral control, and limited accessibility due to the high
cost of VR hardware.

Recent research has increasingly focused on integrating multiple Al techniques within
VR learning environments. Many studies explore hybrid Al approaches that combine
two or more Al technologies with advanced visualization and interaction tools, often
incorporating built-in intelligent functionalities to provide more adaptive, personalized,
and immersive learning experiences. With our comprehensive analysis of Al technologies
and tools for personalized education in mind, we propose the following classification
(see Figure 3).

3.5. Approaches Combining Tools, Statistically Driven and Symbolic Intelligence

The integration of Statistically Driven Al and virtual reality technologies with onto-
logical frameworks and semantic data represents an important recent trend in educational
technology [35]. This synergy enhances formal educational models by enabling interactive
learning experiences while supporting the effective integration and use of multimodal
educational content.

Al-based personalized learning is rapidly evolving from rule-based adaptive systems
toward multimodal and data-driven Al frameworks. Al-based digital assistants can act
as interactive intermediaries between learners, intelligent tools, content, and teachers [36].
Hybrid algorithms used in Al-based intelligent personalized learning systems are discussed
in [37]. Natural language processing, computer vision, 3D modeling, image processing,
and Al-based techniques were discussed. Natural language approaches remain dominant,
but research is increasingly exploring broader multimodal capabilities to more fully tailor
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learning experiences. Emerging research highlights the importance of multimodal NLP,
which integrates text, images, audio, and video to interpret information and generate richer,
more adaptive content tailored to the needs of specific types of learners. Computer vision is
less mature than NLP but is growing quickly, especially where visual content is needed or
dynamically generated information about learners is crucial for personalization in adaptive
systems. Research includes object recognition, gesture interpretation, and learner affect
recognition in educational settings.

Multimodal fusion combining facial, gesture, physiological, and interaction data
is increasingly viewed as essential for robust affect detection to support personalized
education [38].

A major focus in ITS research is on automating personalized feedback using ma-
chine learning (ML) and natural language processing (NLP), replacing hand-crafted rules
with data-driven generation of hints, corrective feedback, and contextual explanations
tailored to each student’s needs [35]. Emerging LLM-based techniques are more frequently
used. These techniques can significantly improve performance and student perceptions of
feedback quality. Modern ITS research connects feedback and assessment modules with
learning analytics, using student interaction logs and performance patterns to inform both
formative assessment and predictive models of future achievement [28].

The number of results returned for queries involving combinations of Symbolic Al
and Statistically Driven Al (SQ13-5Q17), as well as combinations of Statistically Driven
Al and GenerativeSD AI (SQ18-5Q20), in Scopus or WoS is very small and insufficient for
trend evaluation. Google Scholar returns a sufficient number of results. We selected Google
Scholar as a search engine for evaluating overall research activity related to the integrated
use of Al technologies because it provides the broadest coverage of scholarly literature.
Its search results include journal articles, conference papers, theses, dissertations, and
preprints, offering a comprehensive overview of research output on a given topic. Although
Google Scholar also indexes non-peer-reviewed sources, their inclusion is valuable when
assessing overall research activity, as our objective is to capture the full extent of scholarly
interest rather than only peer-reviewed publications. Our trend analysis indicates the
growing adoption of integrated Al approaches in personalized education (see Figure 5).

35
—5Q13+5Q14

30
—5Q15

25 ——5Q16
—s5Q17
20
—sQi18
15 ——SQ19

—S5Q20
10

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Figure 5. Trends in overall research activity related to the use of combinations of Al technologies in
personalized education (RQ6) (weakly relevant Google Scholar results).

A key trend in the use of Statistically driven intelligence in education is its integration
with symbolic and ontology-based models, combining predictive power with explainability
and pedagogical control in hybrid personalized learning systems.
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Selected relevant or strongly relevant papers and the application contexts of the

Al-powered technologies used are systematized and shortly presented in Table 5.

Table 5. Papers presenting personalized e-learning systems using Al-powered technologies.

Paper System Type Al Technologies Used Goal Model Personalization Type
Personalized .
[39] Learning Platform ML, rules, NLP feedback and Statlstlical, Feedback.—ba.sed
data-driven personalization
assessment
Comparing
[40] K12 tutoring Various types P ersor?ahzat.l on Various Not discussed in detail
effects in various
systems
[41] Coursera dataset KG. ANN Recommender Learner, Personalized course
’ system content recommendations.
[42] Internet-based Symbolic Resource . Learner Learning style
recommendation
[43] Web-based Symbolic, Rules Resource . Learner Learning path
y gpP
recommendation
. . Resource Based on cognitive
[44] Desktop Symbolic, fuzzy logic recommendation Learner model
. Resource .
[45] Desktop Symbolic, KG recommendation Learner Learning path
Resource Learner, Learner
(461 MOOC ML recommendation content knowledge-based
[47] Framework LLM and KG Real-time Learner, Dynamic
personalization content personalization
2] Framework LLM and ML Learning Learner, Dynamic
ontology programming domain personalization
[4] Framework Expert system-based Rule-bf;l Se(.i Domain Adaptive sequencing,
p y
personalization problem-solving
. Pedagogical, . .
[5] Architecture Concept maps Rule-based student, expert Adaptive sequencing
Various types for
[6] sustainable Combined Trends - Various
education
. Improving Learner, Adaptive learning
[8] Prototype MAS Ontologies, rules distance learning domain path
Learner Platform
9] Model Ontologies, KG Real-time e?daptlve domain 1nterc?perab1hty;.
learning d Personalized Learning
pedagogy Paths
[3] Various types Generative Al AI—ba§ ed. - Various
personalization
. . Ontologies Al-based Knowledge-based
[35] Virtual Assistants VR, Statistical AL personalization analysis-based Game-based
[48] Framework Ontologies, KG Persona}hzed Domain, learner Learning path-based
learning
[37] Applications and ML, Generative, Personalized Learner models, Various
algorithms hybrid learning subject models
7] deve?cr)lt(r)llzii’an d Interdisciplinary Personalized General education Various
evali)uation Ontology learning model
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Table 5. Cont.

Paper System Type Al Technologies Used Goal Model Personalization Type
. . Personalized Learning
[13] Algorithms Regression learning Learner behavior-based
General )
architecture for ML, sensor-based . Learner, domain, Real-time feedback
[22] . Personalized tutor assessment, .
multimodal feedback delivery
feedback systems feedback
. . Personalized Taxonomy of GenAl
Higher-education . . .
[1] Cs Generative Al learning, Generative uses for
assessment personalization
[12] Approach (human LLM, KG Person;%hzed Domain, learner Prompt-.bas.ed
evaluation) learning personalization
Personalized
[29] Platform LLM content - In curriculum design
&
development
[49] Knowledge tracing LLM Pefj;;?ﬁzed Transformer interi?tliiflr—ll;ase d
[50] Strategy KG Pe;::;;siged Learner model re];i)?;r;::eli (:Il):tti};n
[18] Various ML Pelrsg);?ﬁged Learner model relzsjilrfgrc;%oa;:u ¢
Online system; Course and Learner behavior
[19] Logistic regression, ML resource Learner model .
. prediction-based
SVM recommendation
Engagement ML, deep learnin classil;;:;iﬁtrllvriodel
[20] evaluation ’ P & Control of learning Learner model .
aloorithm models for real-time
8 engagement detection
Pef:;);aiﬁzed Content-based Learner and Pei(}’lfx:z: 'd
arung filtering (TF-IDF, Dynamic ) pathways
[51] trajectories, . learning content Recommendation
. . Word2Vec), personalization .
practice adaptive RS model system; Real-time
collaborative filtering :
assessments assistance

3.6. Trends in Applying the Three Different Types of Al in Personalized Education (RQ6)

We integrated the results from different search queries belonging to the same Al

category (e.g., SQ3-5Q6 for Symbolic Al) to obtain the total number of retrieved results

for each Al type used in personalized education. The aggregated results for General

Al, Symbolic Al, Generative Al, and Statistically Driven Al are graphically presented in

Figure 6. Their graphical representation reveals the relative prevalence and usage trends of

these Al categories in the context of personalized education. Symbolic Al techniques show

a slight but steady increase over time, whereas Generative Al, Statistically Driven Al, and

General Al applications exhibit rapid growth, particularly in the context of personalized

education over the last three to four years (see Figure 6). The visualization is based on

weakly relevant results returned by WoS Smart Search from 2016 to 2025. Learning analytics

(LA) is not classified as an Al technology in many studies. This is the main reason the

general Al curve remains lower than the Statistically Driven Al curve during the period
before 2023. The rapid growth of LLM-related research after 2023 reflects the broader
expansion of Al technologies in personalized education over the last few years.
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Figure 6. Trends in overall research activity related to the use of Generative Al, Symbolic Al,
Statistically Driven Al, and General Al applications in personalized education.

Interesting conclusions related to the trends in the use of Al technologies in per-
sonalized education can also be drawn from the bibliometric analysis of Scopus-indexed
publications related to personalized education, combined with ontology, KGs, and LLM
queries. As research on the use of LLMs in personalized education has been conducted
only during the last three to four years, the number of reputable publications is limited.
Only 58 publications were retrieved from the Scopus database using the advanced query
“personalized education” AND LLM for the period of 2023-2026. A total of 465 keywords
were extracted from the dataset.

To ensure the inclusion of the most relevant terminology while maintaining a compre-
hensive analysis of research trends and terminological relationships, a minimum occurrence
threshold of four was applied. As a result, 31 keywords met this criterion and were in-
cluded in the co-occurrence analysis. The analysis identified four distinct keyword clusters,
representing the major thematic areas of personalization, intelligent tools, LLMs, and se-
mantics. Overlay visualization was used because it is particularly suitable for identifying
temporal trends and emerging research topics by representing keywords according to their
average publication year. A minimum link strength threshold of three was also applied to
ensure the readability of the co-occurrence network and display only the most significant
relationships among keywords. The analysis reveals not only strong and tight relationships
between personalized education and large language models, but also that relatively old
concepts, such as intelligent tutoring, machine learning, semantics (related to ontologies),
and intelligent tutoring systems, are re-emerging as prominent themes in the context of
LLM-based research (see Figure 7). An important conclusion, therefore, is that LLMs
introduce new perspectives and renewed relevance to personalized education.

Relationships between the emerging concept of the “knowledge graph”, e-learning,
ontologies and LLMs also reaffirm the growing role of Symbolic Al technologies, repre-
sented by knowledge graphs, in personalized education. To evaluate this hypothesis more
comprehensively, a bibliometric analysis was conducted using publications retrieved from
the Scopus database with the advanced query “personalized education” AND “knowledge
graph” for the period 2016-2026, yielding 77 publications (see Figures 8 and 9). A total of
664 keywords were extracted, of which 49 met the inclusion threshold of four occurrences.
Using a minimum occurrence threshold of four, three keyword clusters were identified
with a minimum cluster size of five and a resolution parameter of 1.0, while the Merge
small clusters option was enabled (see Figure 8). Several interesting observations can be
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drawn from the resulting visualization presented in Figure 8. Relatively old concepts such
as knowledge management, data mining, ontologies, and semantics are re-emerging as
prominent themes in the context of KG-based research and learning systems. Figure 9
shows the overlay map generated using the same query and parameters as those used
for Figure 8, but with the occurrence threshold increased to two. The resulting map con-
tains 151 items organized into nine clusters, with a minimum cluster size of five. This
visualization provides a broad overview of the terminology associated with personal-
ized education and knowledge graphs (KGs), highlighting the main thematic areas and
their interrelationships.
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Figure 7. VOSviewer overlay visualization of the Scopus search results for the advanced query
“personalized education” AND LLM, min cluster size five.
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Figure 8. VOSviewer network visualization on the relevant results of Scopus query “personalized
education” and KG, 2016-2026, 77 publications, threshold four, min cluster size five.
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Figure 9. VOSviewer chart, made on the relevant results of Scopus query “personalized education”
and KG, 77 publications, Overlay visualization from oldest to newest concepts, 664 keywords,
threshold two, 151 items, nine clusters, and min cluster size five.

Relationships between relatively old concepts of personalized education and emergent

concepts related to Statistically Driven Al, such as “data mining”, “educational data mining”,
and “deep learning,” can also be seen on the bibliometric maps (see Figures 9 and 10).
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Figure 10. VOSviewer chart, made on the relevant results of Scopus query (“personalized e-learning”
OR “personalized education”) AND ontology, 2016-2026, 74 publications, 423 keywords, threshold
four, 25 meet threshold, min cluster size five.

The question of the importance of the well-known semantic web knowledge represen-
tation technology, “ontology”, arises, as it cannot be seen on some of the diagrams presented
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above. We generated the VOSviewer overlay map from the Scopus query (“personalized
e-learning” OR “personalized education”) AND ontology (74 documents, 2016-2026, see
Figure 10). A total of 423 keywords were extracted from the dataset.

To ensure the inclusion of the most relevant terminology while maintaining a compre-
hensive analysis of research trends and terminological relationships, a minimum occurrence
threshold of four was applied. As a result, 21 keywords met this criterion and were in-
cluded in the co-occurrence analysis. The analysis identified four distinct keyword clusters,
representing the major thematic areas of personalization, education, ML, and semantics.
Overlay visualization was used because it is particularly suitable for identifying temporal
trends and emerging research topics by representing keywords according to their average
publication year. A minimum link strength threshold of three was also applied to ensure the
readability of the co-occurrence network and display only the most significant relationships
among keywords. In the map, ontology-related keywords appear as strongly connected
nodes within the educational research cluster. Their central position and high link strength
indicate that ontologies remain an important and well-established research theme in per-
sonalized e-learning. However, the overlay visualization suggests that ontology-related
terms are not among the most recent or rapidly emerging topics, as newer themes tend to
be represented by more recent average publication years and appear in the latest areas of
the network. Therefore, ontologies can be seen as a mature and foundational topic rather
than an emerging research frontier.

Search results from Scopus also confirm rapidly growing scientific interest in LLMs
for personalized education and its close relationship with growing scientific interest in
knowledge graphs (KGs) as a Symbolic Al technology (see Figures 11 and 12). This trend
once again highlights the complementary roles of LLMs and Symbolic Al technologies.

Documents by year

30

Documents
5

2018 2019 2020 2021 2022 2023 2024 2025 2026
Year

Figure 11. Visualization of the number of Scopus results of the search query “personalized e-learning”
OR “personalized education” AND “knowledge graph”.
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Figure 12. Visualization of the number of Scopus results of the query TITLE-ABS-KEY (“personalized
e-learning” OR “personalized education” AND “ Large Language Model”) on the left and TITLE-
ABS-KEY (“personalized e-learning” AND ontology) to the right.

Charts in Figures 11 and 12 are directly copied from Scopus Analytics on 12 July 2026.
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4. Discussion

Personalized recommendation (including personalized content and its selection al-
gorithms) and personalized tutoring (including personalized interaction or personalized
learning paths) are basic functionalities of intelligent personalized educational systems.
Modeling knowledge about learners, learning content, pedagogy, knowledge tracing, and
learning content presentation are important activities for ensuring personalization. Ontolo-
gies, knowledge graphs, and Bayesian or neural network models are crucial for knowledge
modeling. Knowledge tracing is an important technique for updating knowledge models
over time. Probabilistic or deep knowledge tracing methods are most frequently used.
Sophisticated tools (including built-in intelligence and generative capabilities) can be most
valuable for effectively presenting learning content. Therefore, all three discussed types
of Al should be combined in personalized intelligent educational systems. An important
objective of this research is to examine how and to what extent these technologies have been
incorporated into recent scientific studies on personalized education and how the symbiotic
relationship between Al and education has evolved over the last decade. Based on the
selection of relevant returned results, their numerical analysis, a bibliographic analysis,
and a reading of the selected papers, the author discusses achievements closely related to
the research goals.

4.1. Frameworks, Combining Two or More Types of Intelligent Technologies

Personalization of the learning process requires modeling and storing knowledge
about learners, as well as knowledge tracing. Knowledge tracing is the task of estimating a
learner’s mastery of skills or concepts as they interact with learning activities (questions,
exercises, videos). The goal of knowledge tracing is to predict the probability that a learner
will correctly perform the next task or has mastered a given skill. Learner knowledge is
typically modeled using Symbolic Al technologies such as ontologies or knowledge graphs
(KGs). To make dynamic predictions, a variety of approaches can be employed [52], includ-
ing probabilistic models, deep learning methods [25], learning analytics-based techniques,
and transformer-based architectures [49]. Learning analytics technologies provide the data
infrastructure and analytical framework that enable knowledge tracking, while knowledge
tracing models perform the core task of estimating learners” knowledge states over time.
Therefore, knowledge tracing is crucial for personalized learning, and its effective realiza-
tion requires both Symbolic Al and Statistically Driven Al techniques. Generative Al has
also been increasingly adopted in modern personalized educational systems.

The implementation of all these techniques requires significant effort. In practice, most
studies on the application of Al-powered technologies focus on individual technologies or
pairwise integrations, leaving a significant gap in understanding how ecosystems compris-
ing multiple Al technologies can collectively enhance learner adaptation, engagement, and
educational outcomes. Research on integrated frameworks combining two or more types
of intelligent technologies for personalized education remains limited. Some examples
combine ML, LLMs, and KGs or ontologies. The study [47] explores combining LLMs
and KGs to create adaptive, personalized systems. Some systems use the sophisticated
natural language understanding and generation capabilities of LLMs to support dynamic
interactions and ensure real-time feedback and personalized guidance. Knowledge graphs
are used to structure educational materials, detailing the relationships among concepts,
skills, and learner profiles. The study [2] presents a personalized programming learning
system that integrates an LLM, an ontology-based knowledge base, and reinforcement
learning to deliver adaptive learning experiences. The approach provides a dynamic and
personalized tutoring framework that adapts to both the rapidly evolving programming
domain and the individual learner’s needs. Large language models facilitate programming
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education through code generation, supporting both theoretical learning and practical
skill development.
Research trends in the use of integrated Al technologies and evidence of their peda-

gogical impact were identified through both reputable survey studies and an analysis of

research papers describing systems for personalized education. The findings of this review

are summarized in Table 6.

Table 6. Research trends on combined Al technologies and evidence of pedagogical impact.

Technology Combination

Current Research Trends or Goals of
Combined Architectures

Results or Evidence of
Pedagogical Impact

Increasing use of graph-based
machine learning, GNNs, and

Moderate evidence that KG-ML
approaches improve prediction

KGs + ML embedding methods to predict accuracy, recommendation quality,
learner performance and identify and learner modeling performance.
knowledge gaps. Evidence is still insufficient.
Development of analytics-driven There is some ey1dence that t1mely
feedback can improve learning
learner knowledge graphs processes, but the specific
LA + KGs integrating assessment results, o 1
. . 2 contribution of KGs within LA
interaction histories, and competency . . ..
rofiles systems remains isolated in empirical
P ) studies [53].
Early evidence suggests that
LLM-based tutors can improve
Rapidly growing research. KGs can learner engagement, explanation
LLMs + KGs provide factual grounding and quality, and access to personalized
hvbrid human—AI curriculum structure; LLMs can support. There is insufficient
y [54,55] provide natural language interaction =~ empirical pedagogical evidence to

and content generation in intelligent
tutoring systems.

conclude that they alone can
significantly improve learning.
Teachers can achieve positive results
by using them.

Neuro-Symbolic approach
Ontologies, rules, ML, LLM

Reasoning is undergoing a clear shift
from isolated symbolic or neural
approaches toward integrated
reasoning architectures. Integration
of symbolic reasoning with deep
neural networks.

Increasing incorporation of
structured knowledge into neural
models through ontologies,
knowledge graphs, logical rules, and
expert knowledge; theoretical
evidence: intelligent systems require
both learning from data (deep
learning) and reasoning with explicit
knowledge (Symbolic Al). It does not
provide empirical evidence of
pedagogical impact. It is a survey
focused on Al reasoning
architectures rather than educational
interventions.

LLMs + LA hybrid human-Al

Use of LLMs to provide
conversational support, interpret
extracted LA learner data, and
generate feedback.

Evidence indicates that Al-generated

feedback and conversational tutoring
can support learning when carefully

designed and supervised. Long-term
effects remain under investigation.

Systems should be designed as
complementary tools that augment,
rather than replace, human tutor
guidance [56].
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Table 6. Cont.

Technology Combination

Current Research Trends or Goals of
Combined Architectures

Results or Evidence of
Pedagogical Impact

ML + LA + LLM
hybrid human-Al intelligence

Research is moving toward unified
Al architectures combining these

technologies. The goal is explainable,

adaptive, and context-aware
personalized learning.

Evidence is currently strongest at the
technology validation level. There is
not yet sufficient empirical evidence
demonstrating that fully integrated
systems consistently outperform
human-supported instruction.
Al-based educational systems should
be integrated with tutor guidance to
create a hybrid model of
personalized learning [21,57].

LA + ML + KG

Resource development, knowledge
acquisition; to explore how
graph-based reasoning and
Generative Al (LLMs) can

complement each other; to evaluate

improvements in learner modeling,
recommendation, and adaptive
learning pathways.

The work remains at the
demonstration level. A technical
prototype was developed and tested;
however, empirical evidence of its
pedagogical value in real educational
settings is not presented [58].

LLM, agents, KGs; hybrid human-AlI

Develop a system in which multiple
Al agents collaborate to support
educational activities; use
LLM-based agents to provide
adaptive assistance; comparative
experiments between single-agent
LLM systems and multi-agent
approaches; support the automation
and scalability of educational
support;
incorporate emotional awareness
mechanisms and contextual
adaptation

Evaluation using learner models,
recommendation accuracy,
adaptation quality, or learning
outcomes; controlled studies
measuring knowledge gain,
retention, engagement, or
performance; evaluation of
hallucination rates, factual accuracy,
bias, and inappropriate responses;
only technical feasibility is
demonstrated through prototype
implementation; evidence of
pedagogical effectiveness remains
limited, as empirical validation in
authentic educational environments
and measurements of learning
outcomes are not provided [59].

Ontology, KG, LLM; hybrid
human-AI

Domain ontology development;
investigate whether LLMs can extract
and generate domain-specific
knowledge suitable for ontology
instances; investigate how effectively
general-purpose LLMs can support
ontology development for education;
investigate whether LLM-generated
ontology instances can support
knowledge graph creation.

Demonstrating that LLMs can
accelerate ontology engineering by
providing domain-specific
knowledge suggestions and
candidate ontology instances, but
only after expert validation [60]. For
applications in personalized
education, this type of work would
provide useful infrastructure for
constructing learner models,
competency graphs, and educational
knowledge graphs, but it does not by
itself provide evidence of improved
pedagogical outcomes.

Based on our analysis of trends in the combined use of Al technologies to enhance per-

sonalized education, we conclude that most of the existing approaches remain theoretical.
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Only a few personalized educational systems integrate all three types of Al technologies,
and these are primarily research prototypes rather than mature, widely deployed solutions.
Consequently, the available evidence regarding their pedagogical impact is still limited and
does not allow for definitive conclusions. An important conclusion is that systems based
on hybrid Al technologies achieve better results when they are combined appropriately
with human intelligence.

4.2. Intelligent Technologies and Workflow of Personalized Education

Core artificial intelligence-related technologies in personalized education are learning
analytics, machine learning, LLMs, NLP, and semantic technologies, including knowledge
graphs, and ontologies. To illustrate the role and importance of these advanced Al technolo-
gies, we examine the typical workflow of a personalized learning or intelligent tutoring
process. Important steps are:

Collecting data about learners.

Learner modeling.

Learning content analysis and annotation.

Defining personalization strategies and implementing personalization algorithms.
Ensuring adaptive delivery or recommendation of learning content.

A o

Performing continuous assessment and feedback.

Collecting data about learners requires systematic gathering and storage of learner
data, including test scores, interaction and learning behavior information, engagement
metrics, and preferences. LMS and mobile apps have effective tools for generating and
storing such information in databases. Learning analytics and educational data mining
technologies are widely used to manage and display these data.

To make all these data usable by intelligent tools, they should be well-structured.
Learner modeling is therefore of fundamental importance, and semantic technologies,
such as ontologies and KGs, provide effective tools for modeling learner data. Ontology-
based learner profiles include structured information about knowledge level, strengths,
weaknesses, learning styles, motivation, goals, etc.; learner models are dynamic and in
many cases require continuous updating.

Learning content analysis and annotation with semantic metadata such as topics, diffi-
culty levels, prerequisite concepts, competencies, and semantic relationships between such
metadata are very important for personalized delivery and recommendation of learning
content. Automated analysis and annotation are typically supported by well-structured
metadata organized using ontologies or KGs. Therefore, KGs are an effective technology
for providing structured, explicit, and interpretable domain knowledge. Educational data
sources can be automatically transformed into KGs or ontological representations using
suitable LLMs combined with expert or teacher validation. This step ensures a structured
representation of educational knowledge that is usable for logical reasoning.

General-purpose LLMs demonstrate strong language understanding and generation
capabilities, but they are not aligned with the specific content, structure, and pedagogical
requirements of particular learning materials or curricula. RAG addresses this limitation by
grounding LLM responses in relevant educational resources. RAG enables the injection of
educational domain knowledge into general-purpose LLMs by retrieving relevant, external
knowledge sources and incorporating them into the model’s context during inference.
This allows general LLMs to generate context-aware responses aligned with educational
requirements without costly retraining or fine-tuning. In this way, LLMs can provide
natural language understanding, reasoning, synthesis, and interaction capabilities, aligned
with the educational course. A system that combines an aligned LLM with a KG- or
ontology-based representation of course knowledge is capable of supporting both logical
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and natural language-based reasoning. Such an architecture integrates symbolic knowledge
representations with statistical learning capabilities, combining the interpretability and
structured reasoning of symbolic approaches with the flexibility and generative power of
LLMs, and can ensure high-quality strategy-based personalization.

Defining personalization strategies and implementing personalization algorithms include
Al-based decisions about what content to show, in what sequence, or at what difficulty level.
Techniques such as ML-based prediction, semantic reasoning, LLM-based personalization,
and recommendation algorithms are used depending on the type of personalization. Main
personalization types and effective Al technologies are shown in Table 7.

Table 7. Personalization types and related Al technologies.

Type Description Some of the Important Needed Technologies
LA and ML for predictive analytics; LLM and
Content personalization Different materials for learners NLP for text simplification, summarization,

speech recognition, and text-to-speech.

Provide step-by-step guidance (ITS); student
modeling (ontologies) and automated
assessment; systems for detecting weak concepts;
Pace personalization Different learning speeds recommendation algorithms for suggesting
suitable materials; instant question answering
(conversational AI/LLMs); forecasting learner
outcomes (predictive analytics, ML).

Evaluate answers efficiently (using machine
learning/NLP); generate detailed explanations
(by LLMs); identify weak areas; track learner
Assessment personalization Adaptive testing progress (using learning analytics) [14]; evaluate
spoken responses (using LLM, speech
recognition); predict mastery levels (student
modeling, predictive analytics).

Monitor learner development (learning

analytics); provide personalized support
(conversational AT/LLMs) [12]; understand
learner strengths and weaknesses (student

Pathway personalization Different learning routes modeling, ontologies); connect skills, topics, and
prerequisites (knowledge graphs); recommend
future learning steps (predictive analytics),
KT [32]; adjust pathways based
on performance (ML).

Predict appropriate learning steps (machine

learning); use learner similarity patterns
(collaborative filtering); match content with

Recommendation of learning content  learner preferences (content-based filtering) [32];
and Al suggestions connect skills, topics, and prerequisites
(knowledge graphs);
provide instant personalized guidance
(conversational AI/LLMs)).

Recommendation personalization

Connect topics, skills, and concepts (knowledge
graphs); generate context-aware explanations
(LLMs) [2]; identify key educational concepts

(text mining, ontologies); structure educational
knowledge semantically (ontologies); analyze

semantic patterns in responses (ML).

Semantic personalization. Context-aware learning.

Ensuring adaptive delivery or recommendation of learning content is possible only
when personalized lessons, adaptive exercises, and customized assessments have been
developed. Therefore, Al-powered technologies for learning content development are also
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needed. These include LLMs, as well as easy-to-use tools for ontology and KG development,
visualization, and maintenance.

Continuous assessment and feedback are essential for collecting dynamically evolving
learner data and metadata required to support personalization. This requires continuous
evaluation of learners’ progress, engagement, mastery, and emotional signals. Al should
update the learner model in real time. Predictive analytics can identify at-risk learners,
inform early alerts, and guide interventions.

4.3. Related Work (Other Surveys on Using Al Technologies for Personalization)

A large number of review studies on Al applications in personalized education can be
found through academic search engines. By analyzing these surveys, we seek to answer
two main research questions. The first concerns the extent to which Al technologies are
used in combination within personalized educational environments. The second addresses
the necessity and role of the present survey in the context of the existing literature.

According to their structure, existing reviews can be broadly classified into systematic
reviews and narrative (or non-systematic) reviews, which differ in rigor, coverage, and
reproducibility. Based on their scope, these reviews can be classified into two categories:
general reviews and specific reviews. General reviews cover the entire landscape of Al
applications in personalized education [61,62], while specific surveys focus on particu-
lar techniques (such as learning analytics [14] or knowledge graph construction [53]) or
tasks (such as assessment [63]) or personalized learning path recommendation [55,64] or
application subdomains (such as knowledge tracing [65]).

Most recent literature reviews in personalized learning, Al-based e-learning, and smart
education are restricted in scope, tending to evaluate specific approaches or technologies
rather than providing a full end-to-end analysis of personalized learning systems with com-
bined applications of Al technologies. Examples include reviews of recommender systems,
algorithms (collaborative filtering, content-based, hybrid), or e-learning approaches [41,66].
Other surveys discuss only research in selected countries [67,68]. Other examples include
analyses of Al techniques for knowledge tracing [24] and adaptive content delivery, as well
as surveys of intelligent tutoring systems (ITS) [40] and specific educational platforms. The
study [69] reviews the use of Al in personalized education, aiming to show the challenges
and benefits of integrating Al into education. The work discusses the use of Al in personal-
ized learning based on learning style and ability. It concerns the utilization of tools such as
chatbots, gamification, intelligent tutoring systems, and readily available assessments for
improving the efficiency of teaching. Disadvantages and problems such as cost, potential
bias, lack of trust, privacy and security concerns, and ethical issues, such as transparency,
fairness, and accessibility, are also discussed.

The paper [70] is a systematic review that analyzed the literature on the concept and
impact of personalized adaptive learning systems. It interprets research from three aspects:
learner models, learning resource models, and algorithms for learning recommendations.
Shortcomings are summarized, and future development directions of personalized adaptive
learning systems are also outlined.

A survey [71] explores the transformative impact of Al-powered educational tools
on modern learning environments, focusing on their ability to provide adaptive learning,
virtual tutoring, and intelligent content delivery. Perceptions regarding Al’s potential
to support comprehension are largely positive. The study underscores the importance
of structured training and real-time feedback for improved learning outcomes. Ethical
evaluation of Al tools and targeted recommendations for educators and policymakers are
also discussed.
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The study [72] examines the abilities of multimodal large language models (MLLMs)
to increase engagement and comprehension by leveraging the student’s ability to process
and generate contextually relevant content. The key findings highlight the transformative
potential of MLLMs in modern education. The paper also examines emerging trends in
education, related to continued research on the capabilities of MLLMs, and the ethical
considerations associated with their adoption in educational settings.

The systematic review [68], for example, aims to organize the vast literature on the
use of Al for personalization. It includes 353 relevant English-language papers published
from 2019 to 2021, indexed in IEEE Xplore, from countries such as China, India, and the
USA [68]. However, the research excludes papers that focused on computer science theories,
including deep learning and other methods and applications of AL

Reference [16] presents a review and analysis of current trends in the emerging field of
applying ML techniques to develop more intelligent and adaptive e-learning environments
through the automatic detection of learners’ learning styles.

Other surveys focus on personalized learning software systems and examine how
these systems adapt to learners. Al appears only in the learner modeling or adaptation
mechanisms [73,74]. These are comprehensive surveys, but their general viewpoint is
mostly pedagogical rather than focused on Al-based technology. Refs. [75,76] offer a
qualitative exploration of themes related to Al in education, but they are relatively old and
do not discuss emerging Al technologies, such as LLMs. As a result of our analysis, the
reviews discussed are summarized in Table 8.

Table 8. Recent surveys related to the use of Al for personalization.

i - . General
Focused on Specific AI Technology Focused on Specific Educational Context Educational
Ontologies, KT GenAl ML Assessment Learning Agents K12 Games Pedagogical
rules path research
Papers [7,8] [41,53] [24,52,65] [1,11,54,77] [16,18,72] [63] [64] [27,38] [37,40] [28,30] [21,27,36,67,68,76],
2023 2023, 2019, 2022,
Years 2025 2024 2025 2024 2024 2025 2023, 2022 2025 2026 2018-2025
The Increasin, Domain  Combined
Remarks newest CreasiNg - -ombined Increa- ML- ML, KG, Chatbots (c)o:— Svi th € Challenges,
were with LA sing number based KT National context

selected

texts GenAl

Some previous surveys focus on the general exploration of innovations in Al and
personalized education, highlighting current trends and outlining future directions, while
others are tightly focused on specific applications of Al in personalized education. This
paper provides a comprehensive survey of intelligent technologies for personalized e-
learning, analyzing their underlying characteristics, functionalities, and contributions to
personalized education. It reviews current usage trends, examines their applications in
adaptive learning environments, and explores future research directions and emerging
opportunities for their integration into personalized educational systems.

4.4. The Role of Large Language Models in Personalized Education and Some Approaches to
Owvercome Their Limitations

The increasing use of LLMs for educational personalization has emerged as one of the
most significant trends in e-learning since 2022 (RQ6). LLMs can support personalized e-
learning by enabling content adaptation, providing instant feedback, adjusting the learning
pace, and offering personalized interaction styles tailored to individual learners. The main
application areas of LLMs in supporting personalized e-learning are summarized in Table 9.
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Table 9. Usefulness of LLMs in personalized education areas.

Personalized Education Task LLMs Roles

Adapting explanations according to the learner’s
knowledge level and preferences.

Personalized explanations

Delivering immediate (personalized in near context)

Real-time f, : L
eal-time feedback responses to learner questions and activities [2].

Automating the creation of quizzes, summaries, exercises,
Adaptive content generation text simplification, and generation of various types of
learning content [12].

Explaining the same concept in different ways depending
Adaptive explanation on the learner’s age, prior knowledge, language level,
and learning style [47].

Enabling interactive, personalized near-context dialog

Conversational and multimodal learning and question answering

Multilingual learning support Translating or simplifying educational content [72]

Tracking learner progress, helping to identify weak areas,
Learning pathway adaptation and recommending next steps, suitable next topics,
and resources.

Assisting learners with specific educational needs and

Accessibility support disabilities (such as dyslexia or autism).

Increasing interaction and motivation through adaptive

L . . .
earner engagement and personalized conversational interfaces [78].

However, LLMs also have important limitations: they may generate incorrect or
misleading information (“hallucinations”), provide answers not relevant to the tutoring
context, misunderstand learner intent, have insufficient contextual information, and have
insufficient pedagogical expertise. Privacy and data security are additional concerns when
learner data is used for personalization. Risks introduced by the use of LLMs in person-
alized education and the main approaches addressing these problems are summarized
in Table 10.

Table 10. Risks introduced by the use of LLMs in personalized education, and approaches to overcome

problems.
Risk Main Approaches to Overcome Possible Problems
Hallucinations Fact-checking, teacher oversight, reliable sources
Bias Bias testing, diverse data, human review
Privacy Compliance, encryption, anonymization
Overdependence Balanced Al use, independent learning activities
Lack of transparency Explainable Al (including ontologies, KGs), teacher guidance
Reduced human interaction Human-centered teaching, collaborative learning
Security risks Safety filters, monitoring

Therefore, to overcome some of the problems that arise during the use of LLMs in
personalized learning and improve learning outcomes, educators should combine LLMs
with verified educational content, other intelligent technologies, and human oversight.

An effective approach for enhancing the quality of LLM responses through ontologies is
the integration of ontological knowledge into RAG architectures. In such systems, ontologies
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guide the retrieval of relevant domain concepts, relationships, and constraints, allowing the
LLM to generate responses grounded in structured knowledge. General-purpose LLMs are
trained on broad knowledge from many domains. RAG narrows the information space. RAG
combined with educational ontologies can act as factual and semantic guardrails that reduce
LLM hallucinations by grounding responses in validated domain knowledge and constraining
generation according to educational concepts and relationships.

The recent literature suggests that the successful implementation of LLMs and other Al
technologies in personalized education also depends on ensuring responsible governance.
Although combined Al technologies can enhance personalization, tutoring, and feedback,
they also introduce risks related to bias, privacy, opacity, and overdependence [79]. ML-
and LA-related security and privacy discussions have focused primarily on protecting
student records. Recent studies argue that LLMs introduce broader privacy risks because
they process large volumes of conversational and behavioral data, potentially revealing
learning difficulties, emotions, or personal characteristics [80]. Ref. [81] provides empirical
evidence that current frontier LLMs can generate personalized educational content with
measurable demographic biases, highlighting the need for bias evaluation before deploy-
ment in educational settings. Adaptive learning systems and recommender systems may
unintentionally reinforce existing educational inequalities when trained on data that are
inappropriate for pedagogical contexts or incomplete data [82]. The researchers argue that
simply optimizing mathematical fairness metrics is insufficient. Educational Al should
pursue equity, ensuring that Al systems improve learning opportunities for all students.

Personalization requires explainability to build trust and support informed educational
decision-making, but many Al-powered personalized systems operate as “black boxes”.
Teachers and students need understandable explanations of recommendations, assessments,
and proposed learning pathways to build trust and support informed educational decision-
making. One of the most relevant papers on the implementation of explainability in
educational Al is [83]. The authors argue that explanations should be adapted to the learner
or teacher and presented as part of the learning experience.

Al governance encompasses algorithmic bias, data privacy, and transparency. The
governance challenges are interconnected and require multidisciplinary solutions involv-
ing technical safeguards, transparent institutional policies, regulatory compliance, and
continuous human oversight. Trustworthy educational Al should be fair, transparent,
privacy-preserving, and accountable [84,85].

4.5. Findings Summarization

The analysis above indicates that the development of systems integrating multiple Al
technologies is not merely a theoretical ambition of researchers. However, achieving true
real-time personalization remains highly complex and challenging, particularly at scale.
Only sophisticated, multi-component educational systems that integrate complementary Al
techniques are capable of delivering meaningful real-time personalization in practice. Most
real-world systems today achieve only partial or “practical personalization”. Significant
research and development efforts are still needed to effectively integrate all of the Al
technologies discussed above into comprehensive personalized education systems.

Trends in LLM use include the use of domain-specific LLMs (e.g., for math, science, and
language learning), which are smaller, can run on local devices at a lower cost, and are more
effective. Other trends include the use of more sophisticated personalization in educational
environments by combining LLMs with knowledge graphs (for linking curriculum topics
and tailoring learning pathways), and the use of several different LLMs to enhance tutoring
quality. The dynamic integration of LLMs with ontologies and knowledge graphs appears
promising but requires further research.
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The use of semantic technologies, including KGs and ontologies, has become increas-
ingly important for the context-aware semantic interpretation of gestures and affect, linking
behavior with learning outcomes.

The symbiosis between Al and education has evolved significantly over the last ten
years, progressing from the use of isolated intelligent tutoring systems to the widespread
integration of Al-driven technologies and Al-powered tools across various aspects of
teaching and learning, including e-learning systems and personalized education.

In early systems, Al in education was primarily associated with adaptive learning
platforms and intelligent tutoring systems that provided personalized content and feedback
based on learner performance and ontology-based knowledge models [6]. These systems
relied mainly on rule-based methods and single ontologies, rarely using machine learning
algorithms and learning analytics to support individualized instruction.

As educational data became more abundant and computational capabilities improved,
Al applications expanded to include more sophisticated learning analytics algorithms,
sometimes two or more ontologies or KGs, predictive modeling, recommendation systems,
automated assessment, and student performance monitoring. Educational institutions
increasingly use Al to identify learning difficulties, predict academic outcomes, and support
data-driven decision-making.

The emergence of deep learning, advances in natural language processing, and the
introduction of Generative Al technologies in the early 2020s further transformed the field. Al
systems became capable of understanding and generating human language, enabling more
sophisticated educational applications such as conversational agents, virtual tutors, including
LLM-powered ones, automated feedback systems, and intelligent content generation using
LLMs. Al evolved from being primarily a background analytical tool to becoming an active
educational partner that can engage directly with learners and educators.

Ethical and deployment issues, including privacy and real-world deployment chal-
lenges, are also critical research considerations [6].

The use of LLMs to enhance learning is an important emerging trend in personalized
tutoring. LLMs can provide instant answers to questions, explanations in multiple styles
(visual, step-by-step, explanatory, and example-based), conversational practice, and easy
text generation in multiple styles. LLMs can significantly enhance personalized education
by supporting adaptive tutoring, individualized feedback, personalized content develop-
ment, and conversational learning experiences. Systems powered by LLMs enable scalable,
near-context-based personalization and continuous learner support. However, LLMs inte-
gration into personalized education systems also introduces challenges related to possible
information inaccuracy, bias, privacy, academic integrity, and learner overdependence. Tu-
tors remain essential for supervising the use of Al, validating educational content, fostering
critical thinking, and ensuring the ethical, pedagogically sound integration of multiple Al
technologies within personalized learning environments. The main research directions
include autonomous intelligent tutoring systems, lifelong personalized learning, predictive
education, and semantic learner models.

Table 11 summarizes the main results of this review by mapping each research question
to the corresponding evidence analyzed, the key findings synthesized from the reviewed
studies, and their implications for personalized education research and practice.

The integration of ontologies, KGs, ML, LA, and LLMs is a significant research trend
toward intelligent, adaptive, and explainable personalized e-learning systems. Current evi-
dence demonstrates technological benefits, including enhanced knowledge representation,
more accurate learner modeling and prediction, improved recommendation of learning
resources, and greater transparency through explainable Al. Empirical evidence of their
pedagogical effectiveness remains limited [21,57]. There is insufficient evidence that these
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integrated Al approaches consistently improve practical learning at scale and across di-
verse educational contexts. Further practice-oriented studies are needed to establish their
educational value beyond improvements in technical system performance.

Table 11. Summary of the main findings of this review and their implications for education.

Research Question

Evidence Analyzed

Key Findings

Implications on Education

RQ1. Which types of
artificial intelligence
techniques have gained
significant importance in
personalized education?

Review of the selected
literature, bibliometric
analysis, classification of
Al approaches and
Al-powered tools.

Personalized education has
evolved from rule-based
systems toward hybrid Al
frameworks. The dominant
Al paradigms in
personalized education
include Symbolic Al
(including ontologies,
knowledge graphs,
rule-based reasoning),
Statistically Driven Al
(machine learning and
deep learning), learning
analytics, and LLMs.

The classification of Al
technologies provides a
structured framework for
understanding their
distinct roles and
implications in
personalized education.
Different Al technologies
contribute complementary
capabilities, enabling
adaptive, learner-centered
educational environments.

RQ2. What are the
specifics, strengths, and
limitations of Symbolic Al
technologies in the context
of personalization of
education?

Studies on ontologies [7-9],
knowledge graphs [48],
semantic web technologies,
rule-based systems [4], and
intelligent tutoring
systems.

Symbolic Al provides
explicit knowledge
representation, semantic
interoperability,
explainable reasoning, and
reusable domain models.
Its limitations are the need
for extensive knowledge
engineering and limited
ability to learn from data
without integration with
statistical methods.

Understanding the
specifics, strengths, and
limitations of Symbolic Al
technologies is essential for
supporting accurate,
interpretable
personalization and
promoting interoperability
among educational
systems. Recognizing the
challenges associated with
symbolic Al is crucial for
the development and
evaluation of hybrid Al
approaches.

RQ3. How are large
language models (LLMs)
used to support
personalized education,
and what educational
functions do they perform?

Research on LLM-powered
tutoring systems [29],
conversational agents

[27,38], adaptive learning
assistants [35], and
educational chatbots [77].

LLMs support
conversational tutoring,
personalized natural
language-based
explanations, adaptive
feedback generation,
assessment assistance,
question answering,
support for programming
code generation, content
creation, and multilingual
learning. Their flexibility
significantly enhances
learner engagement and
accessibility.

Understanding the
capabilities and limitations
of LLMs supports the
development of more
adaptive, personalized,
and interactive learning
environments by enabling
effective content
generation and feedback.
Understanding the
challenges related to
accuracy, bias, privacy,
explainability, and
academic integrity is
important for the
responsible integration of
LLMs into personalized
education.
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Table 11. Cont.

Research Question Evidence Analyzed

Key Findings Implications on Education

RQ4. Which statistical,
machine learning, and
deep learning techniques
are employed for
personalization, and for
which e-learning tasks are
they most
commonly used?

Comparative analysis of
machine learning [18,19],
deep learning [20],
recommender systems,
learning analytics [14], and
knowledge tracing [24,32]
approaches (Table 1).

Understanding statistical,
machine learning, and
deep learning techniques
enables more accurate
learner modeling,
prediction of learning
outcomes, adaptive
learning pathways, and
personalized
recommendations in
education. It supports
data-driven
decision-making,
automated assessment, and
early identification of
learners’ needs.

Supervised learning,
clustering, neural
networks, transformers,
reinforcement learning,
recommender systems, and
knowledge tracing models
are widely used for learner
modeling, prediction of
academic performance,
adaptive content
recommendation, and
learning path optimization.

Cross-comparison of
Symbolic Al, Statistically
Driven Al, ML, LLM-based
approaches (Table 3), and

RQ5. What are the
strengths, limitations, and
challenges associated with

different artificial .
intelligence techniques in hybrid Al gpproaches.
ersonalized education? across the reviewed studies
p : (Table 4).

Understanding the
strengths, limitations, and
challenges of different Al

techniques enables

informed selection and
integration of appropriate
technologies to support
effective personalized
learning. It helps to
identify suitable Al
approaches for adaptive
instruction, learner
modeling,
recommendation,
assessment, and feedback.

Symbolic Al offers
explainability and logical
consistency; Statistically
Driven Al provides
predictive performance
and scalability; LLMs offer
flexible natural language
interaction but may
generate hallucinations,
biases, and inaccurate
responses. Hybrid
approaches combine
complementary strengths
while reducing limitations.

Bibliometric analysis,
Scopus analytics, Google
Scholar results trends,

RQ6. What are the current
trends, emerging
developments, and future
research directions in the thematic synthesis, and

application of artificial analysis of future research
intelligence to personalized  directions, based on recent
education? publications.

Understanding current Al
trends enables researchers
and educators to identify
emerging opportunities,
select appropriate
technologies, and design
future-oriented
personalized learning
systems. It supports the
integration of advanced
approaches such as
Generative Al large
language models, learning
analytics, and knowledge
graphs to improve
personalization, learner
engagement, and
instructional effectiveness.

Emerging trends include
increasing use of LLMs,
Neuro-Symbolic Al,
explainable Al (increasing
use of knowledge graphs,
ontologies),
privacy-preserving
learning analytics,
interoperability, and
human-AI collaboration.
The integration of multiple
Al technologies to leverage
their strengths and
compensate for their
limitations is also an
important trend.

Recent systematic reviews argue that ethical Al cannot be achieved through technical
improvements alone. Instead, responsible implementation depends on comprehensive
governance frameworks that integrate ethical principles into institutional policies, pro-
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curement, teacher training, and regulatory compliance. The current literature identifies
accountability, stakeholder participation, transparency, and Al literacy as key governance
priorities [84,85].

Intelligent technologies used to support personalized e-learning (including ontologies,
KGs, ML, and LLMs) have demonstrated considerable promise in educational research.
However, most of them have struggled to scale or transition from computer science pro-
totypes to practical use in educational systems. This is due to a combination of technical,
pedagogical, ethical, and motivational factors and, in a few cases, to shortcomings of the
technologies themselves. Technical factors include the expensive development of ontologies
and KGs, limited availability of high-quality educational data for ML, and poor transfer-
ability between different educational contexts. Pedagogical factors include very low teacher
trust and acceptance and weak alignment with pedagogy. Therefore, intelligent personal-
ized systems are technically sophisticated and costly, and may have limited educational
value, as in many cases they do not fit classroom practice. Ethical factors include the need
for informed consent, algorithmic bias, data protection, and transparency. Technological
factors include the immaturity or inherent limitations of certain intelligent technologies,
such as the high computational complexity and knowledge engineering requirements of
Symbolic Al, the dependence of ML models on large, high-quality datasets, rapid changes
in the field of LLMs, and challenges related to scalability, interoperability, and maintenance.
Limited evidence of long-term educational impact and the scarcity of evaluations con-
ducted in authentic educational settings are additional factors contributing to the limited
adoption of these technologies in practice.

4.6. Limitations and Future Research Directions

While this review provides a comprehensive synthesis of recent advances related to
the use of most Al technologies and tools for personalizing education, it has a few limita-
tions. The scope of this review is limited to English-language studies published between
January 2016 and May 2026 and indexed in reputable scientific databases. Consequently,
some relevant research may have been excluded. Furthermore, by restricting the review
period to studies published up to May 2026, we were unable to examine the most recent
developments in the rapidly evolving field of large language models (LLMs) in education,
including emerging applications and pedagogical approaches reported after May 2026. In
addition, the diversity of artificial intelligence methods and educational contexts made it
difficult to apply uniform criteria for comparing all the research. Only partial comparisons
were made.

Future research directions include combining LLMs with KGs and other Symbolic Al
techniques, such as ontologies, to improve explainability, factual consistency, reasoning
capabilities, and curriculum alignment. Future directions also include research on the
use of retrieval-augmented generation (RAG) techniques to incorporate course-specific
knowledge into large language models. Neural and symbolic components of Al have
complementary roles in personalized e-learning. Further research is needed to explore
how these components can be integrated and coordinated to provide more reliable and
pedagogically sound learning experiences.

5. Conclusions

Modern technologies play a central role in personalized e-learning by adapting edu-
cational content, learning pathways, and support to the individual needs, preferences, and
performance of each learner. Intelligent technologies enable the development of smart educa-
tional environments that respond dynamically to learners’ characteristics and progress.
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This survey analyzes and summarizes the technological foundations of personalized
e-learning. Various intelligent technologies, including Symbolic Al, machine learning,
LA, and LLMs, contribute uniquely to personalized learning by supporting adaptation,
prediction, recommendation, feedback, and learner support. Symbolic Al provides ex-
plicit rules, the development of ontology-based knowledge models, logical reasoning,
and knowledge representation. Machine learning extracts data, identifies patterns, han-
dles uncertain or imprecise knowledge, and predicts learner needs from data. LA tracks
and analyzes learner behavior and performance. Large language models (LLMs) enable
natural-language interaction and reasoning, tutoring, content generation, and personalized
feedback. Together, these technologies can create more effective and adaptive personalized
learning environments.

Ontologies can be very useful as components of knowledge tracing and predictive
models. They can enhance both the accurate interpretation and prediction of student
learning behavior. To overcome scalability and adaptability limitations, ontologies are
increasingly combined with machine learning and deep learning. In these hybrid sys-
tems, ontologies provide structure and explainability, while data-driven models handle
uncertainty, large-scale data management, and adaptation.

We have observed growing interest in the use of knowledge graphs and LLMs in
educational contexts over recent years, indicating growth in both research and applica-
tions. Research using KGs is mainly focused on knowledge representation, personalized
learning, and recommendation systems. LLMs have significantly transformed personalized
education by enabling adaptive, interactive, and scalable learning experiences. Unlike
traditional educational technologies, LLM-based systems can easily generate context-aware
explanations, tailor learning materials to individual student needs, and provide real-time
feedback. Their ability to process natural language allows students to interact with ed-
ucational content in a more intuitive and personalized manner. In addition, LLMs can
support educators by assisting with curriculum design, content generation, and learning
analytics. These capabilities of LLMs enable differentiated instruction and enhance learner
engagement across diverse educational settings.

Statistically driven approaches have become fundamental components of modern per-
sonalized learning systems, enabling more accurate and dynamic adaptation of educational
experiences. These advances open new perspectives for adaptive learning environments,
retrieval-augmented generation (RAG) systems, and Al-assisted pedagogical frameworks
aimed at improving learning outcomes and accessibility.

The symbiosis between Al and education has evolved over the last 10 years from
the application of simple personalization mechanisms to a multifaceted partnership in
which Al can, to some extent, support personalized learning, teaching, assessment, and
educational management, but educators and human experts remain responsible for the use,
development, and deployment of Al technologies that support personalized education.
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The following abbreviations are used in this manuscript:

Al Artificial Intelligence
CBF Content-Based Filtering
CF Collaborative Filtering

ChatGPT  Chat Generative Pre-Training Transformer
DNNs Deep Neural Networks

EDM Educational Data Mining

FL Federated Learning

ITS Intelligent Tutoring Systems
KG Knowledge Graphs

KT Knowledge Tracing

LLMs Large Language Models

LMS Learning Management System

LMS LD Learning Management Systems Learning Design
ML Machine Learning

MMLA Multimodal Learning Analytics

MOOC Massive Open Online Course

NLP Natural Language Processing

OL Ontology Learning

PA Predictive Algorithms

RAG Retrieval-Augmented Generation

STEM Science, Technology, Engineering, and Mathematics
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