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INTRODUCTION

Artificial intelligence has become an important area 

of educational technology because of its potential to 

support  individualized  instruction  and  improve  the 

management  of  learning  activities.  In  traditional 

classrooms, teachers must address differences in stu-

dents’ prior knowledge, abilities, interests, and learn-

ing speeds. Providing individualized support to every 

student  can  be  challenging,  particularly  in  large 

classrooms and online learning environments.

AI-supported educational systems can analyze learner 

performance, recommend learning materials, generate 

explanations,  provide  feedback,  and  identify  areas 

requiring additional support. These capabilities have 

encouraged research into personalized learning envi-

ronments that adapt instructional activities according 

to students’ needs [1], [2], [13].

Personalized learning itself is not a new educational 

concept. Teachers have long adapted instruction ac-

cording to student progress. The contribution of AI is 

its ability to support or automate some instructional 

decisions through computational models and learner 

data. Adaptive hypermedia research established im-

portant foundations for tailoring digital information to 

individual  users  [23],  while  research on intelligent 

tutoring systems examined the potential of computer-

based instructional support to improve learning [14]–

[17].
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Nevertheless, a system's ability to adapt content does 

not automatically demonstrate educational effective-

ness.  A recommendation system may select appro-

priate  material  without  improving  long-term 

understanding. Similarly, increased engagement with 

a  learning  platform  does  not  necessarily  indicate 

higher  academic  achievement.  Researchers  must 

therefore  distinguish  technical  performance  from 

educational outcomes.

Recent reviews have examined AI-based personalized 

learning and its applications across educational con-

texts [1], [2], [9]–[13]. Meta-analyses have also in-

vestigated  the  effects  of  AI  and  generative  AI  on 

student achievement and other learning outcomes [3], 

[3], [6]–[8]. Although these studies provide encour-

aging evidence, differences in study designs and in-

tervention  characteristics  make  broad  conclusions 

difficult.

Feedback research offers an additional perspective. 

Hattie and Timperley emphasized that feedback can 

have a substantial influence on learning, but its ef-

fectiveness  depends on the information it  provides 

and how it supports progress toward learning goals 

[18]. Shute similarly highlighted the importance of 

formative feedback that is specific,  useful,  and ap-

propriate to the task [19]. AI can help deliver feedback 

at scale, but it must preserve these pedagogical quali-

ties.

Objectives of the Review

This article aims to:

1. Examine the principal AI technologies used for 

personalized learning.

2.  Critically  analyze  evidence  concerning  student 

learning outcomes.

3. Identify methodological and pedagogical factors 

affecting reported benefits.

4.  Discuss  ethical,  technical,  and  practical  chal-

lenges.

5. Propose a framework for evaluating effective and 

responsible AI-supported learning.

REVIEW SCOPE AND APPROACH

This  article  adopts  a  critical  narrative-review  ap-

proach.  It  synthesizes  selected  peer-reviewed  re-

search,  systematic  reviews,  meta-analyses,  and 

foundational publications relevant to AI-enabled per-

sonalized learning. The literature includes research on 

adaptive  educational  systems,  intelligent  tutoring, 

generative AI, feedback, learning analytics, and edu-

cational ethics [1]–[23].

The  review is  structured  around  three  themes:  the 

mechanisms through which AI personalizes learning, 

the outcomes used to evaluate educational effective-

ness, and the conditions that influence the interpreta-

tion of reported benefits.

This manuscript is not presented as a systematic re-

view or a new meta-analysis.  It  does not claim an 

exhaustive database search, new screening process, or 

original  quantitative  synthesis.  The  PRISMA 2020 

statement provides reporting guidance for systematic 

reviews and should be followed if this work is subse-

quently developed into a systematic review [20].

The  review  uses  evidence  from  different  types  of 

publications,  which should  not  be  treated as  inter-

changeable. For example, a review describing avail-

able  AI  technologies  answers  a  different  question 

from a meta-analysis estimating average effects on 

academic achievement. Foundational studies of intel-

ligent tutoring and feedback provide theoretical and 

historical  context,  whereas  recent  generative-AI 

studies address newer forms of educational support 

[3], [6], [15]–[19].

Evidence Selection and Interpretation

The discussion prioritizes research that directly eval-

uates  AI  interventions  in  educational  settings  for 

claims  about  student  achievement,  retention,  and 

engagement.  Systematic reviews and meta-analyses 

are used to characterize the broader evidence, whereas 

studies  from  other  application  domains  are  cited 

solely to illustrate potential methods or governance 

considerations.  Because  the  sources  were  selected 

narratively  rather  than  through  a  documented  ex-

haustive search, publication bias and selection bias 

cannot be ruled out. No pooled effect size or risk-of-

bias rating is calculated in this article.

Distinguishing Educational Outcomes from Tech-

nical Indicators

This review distinguishes three levels of evaluation: 

(i) technical validity, including predictive accuracy, 

recommendation  relevance,  and  reliability;  (ii)  in-

structional  processes,  including  feedback  quality, 

learner participation, and teacher workload; and (iii) 

independently  assessed  student  learning,  including 

achievement,  delayed  retention,  and  knowledge 
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transfer.  Improvement  at  one  level  cannot  be  pre-

sumed to establish improvement at another. Accord-

ingly, studies reporting only accuracy, satisfaction, or 

usage are not treated as evidence of causal learning 

gains.

ARTIFICIAL INTELLIGENCE APPROACHES 

TO PERSONALIZED LEARNING

Adaptive Learning Systems

Adaptive learning systems adjust instructional con-

tent,  question  difficulty,  or  learning  sequences  ac-

cording to student performance and other available 

information. A system may provide additional prac-

tice when a learner demonstrates difficulty or intro-

duce more advanced material after sufficient mastery.

Research on adaptive hypermedia established early 

principles for adjusting digital learning environments 

to users’ needs [23]. More recent reviews examine 

machine learning, predictive modeling, and other AI 

methods  for  adaptive  educational  experiences  [1], 

[10], [23].

However,  the  effectiveness  of  an  adaptive  system 

depends on the accuracy of its learner model and the 

quality of its  instructional  decisions.  Incorrect  pre-

dictions can result in unsuitable recommendations or 

unnecessary repetition.  Evaluation should  therefore 

examine both model performance and actual learning 

outcomes.

Intelligent Tutoring Systems

Intelligent  tutoring  systems  provide  individualized 

explanations, hints, feedback, and practice opportu-

nities.  Meta-analytic  research  has  examined  their 

effects on student learning, providing important evi-

dence for computer-based tutoring as an educational 

intervention [15], [16].

VanLehn compared human tutoring, intelligent tutor-

ing systems, and other tutoring approaches, demon-

strating  the  importance  of  distinguishing  among 

forms of instructional support [17]. Roll and Wylie 

further discussed the evolution of AI in education and 

the changing relationship between educational theory 

and intelligent technologies [14].

Effective tutoring should encourage students to rea-

son independently.  Systems that  provide graduated 

hints, explain errors, and allow students to retry tasks 

may support deeper understanding. Conversely, sys-

tems that immediately provide complete answers may 

reduce opportunities for productive problem-solving.

Generative Artificial Intelligence

Generative AI can produce explanations, summaries, 

examples, practice questions, and conversational re-

sponses. Large language models may allow students 

to request clarification and explore alternative expla-

nations at their own pace [10].

Recent  systematic  reviews and meta-analyses  have 

examined the educational effects of generative AI and 

ChatGPT [3], [4], [7]–[9]. These studies indicate that 

generative  AI  may  support  selected  learning  out-

comes, but its effectiveness depends on the educa-

tional task, the way the tool is used, and the design of 

the intervention.

A central limitation is that generative AI may produce 

inaccurate or misleading information. Learners may 

not recognize these errors, especially when they lack 

sufficient prior knowledge. UNESCO has therefore 

emphasized the need for human-centred and respon-

sible approaches to generative AI in education and 

research [21].

The use of conversational AI in healthcare has also 

raised concerns about unreliable advice, confidential-

ity, and professional accountability [25]. These con-

cerns  provide  a  useful  analogy  for  educational 

chatbots,  although  healthcare  publications  do  not 

establish educational  effectiveness.  Educational  ap-

plications  should  encourage  verification,  critical 

questioning, and appropriate teacher involvement. AI-

generated explanations should be treated as instruc-

tional resources requiring evaluation, rather than au-

tomatically reliable answers.

Automated Feedback and Assessment

AI can assist with formative assessment by identify-

ing errors, generating feedback, and recommending 

additional practice. These functions can help students 

receive support without waiting for every response to 

be reviewed manually.

The educational value of automated feedback can be 

understood  through  established  feedback  research. 

Hattie and Timperley examined how feedback influ-

ences  learning  and  performance,  while  Shute  dis-

cussed  principles  of  effective  formative  feedback 

[18], [19].
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AI-generated feedback should be timely, relevant, and 

actionable. It should also be evaluated for accuracy 

and fairness. In open-ended assignments, automated 

systems may focus on surface characteristics rather 

than the depth of a student's reasoning. Consequently, 

AI-assisted  assessment  should  complement  teacher 

judgment where nuanced evaluation is required.

Learning Analytics and Predictive Models

Learning analytics  uses  assessment  results,  student 

interactions,  and  other  educational  information  to 

identify patterns and support instructional decisions. 

AI-based student advising and research-support ser-

vices provide a broader higher-education context, but 

their administrative benefits should be distinguished 

from measurable  gains  attributable  to  personalized 

instruction [24]. AI models can potentially identify 

learning  difficulties  and  recommend suitable  inter-

ventions [11]–[13].

However, prediction alone does not improve learning. 

Identifying students who may be struggling is useful 

only  when  appropriate  support  follows.  Predictive 

systems must therefore be evaluated according to their 

accuracy, fairness, and influence on educational de-

cisions.

Academic Achievement

Academic  achievement  is  commonly  measured 

through tests, examinations, assignments, and perfor-

mance-based  assessments.  Several  meta-analyses 

have examined the relationship between AI-supported 

instruction and academic achievement [3], [6]–[8].

Dong et al. reported a positive average effect of AI-

supported  instruction  on  academic  achievement, 

while also identifying substantial variation among the 

included studies [6]. This finding supports the poten-

tial  value  of  AI  but  does  not  establish  that  every 

technology or  implementation  produces  similar  re-

sults.

Researchers  should  distinguish  between  immediate 

task  performance  and  genuine  conceptual  under-

standing. Assessments should test whether students 

can explain concepts, solve unfamiliar problems, and 

apply knowledge independently.

STUDENT LEARNING OUTCOMES

AI-enabled personalized learning should be evaluated 

through multiple outcomes rather than through a sin-

gle performance measure.

Knowledge Retention and Transfer

Knowledge retention refers to the ability to recall and 

use learned information over time. Knowledge trans-

fer involves applying learning in new situations.

These outcomes are particularly important when AI 

tools provide frequent hints or complete answers. A 

student  may  perform  well  with  AI  assistance  but 

struggle to solve a similar problem independently.

Future  studies  should  include  delayed  assessments 

and tasks that measure transfer. Such assessments can 

help establish whether AI support produces durable 

learning rather than temporary improvements in as-

sisted performance.

Engagement and Motivation

AI-supported  platforms  may  increase  participation 

through  interactive  exercises,  rapid  feedback,  and 

personalized learning sequences. Recent reviews of 

generative  AI  have  investigated  academic,  motiva-

tional, and other learning-related outcomes [3], [7], 

[9].

Nevertheless,  engagement  is  not  equivalent  to 

achievement. Increased time on a platform may indi-

cate  productive  practice,  but  it  may  also  indicate 

confusion  or  inefficient  learning  activities.  Re-

searchers  should  therefore  measure  engagement 

alongside independent assessments of learning.

Self-Regulated Learning

Self-regulated learning involves setting goals, moni-

toring progress, identifying difficulties, and selecting 

suitable  strategies.  AI  may support  these  activities 

through progress summaries,  feedback,  and recom-

mendations.

However, excessive reliance on AI-generated expla-

nations  may  reduce  opportunities  for  independent 

decision-making.  Educational  systems  should  en-

courage students to attempt tasks, evaluate feedback, 

and reflect on their own learning.

Higher-Order Thinking

Critical thinking, analytical reasoning, creativity, and 

problem-solving are important learning outcomes. AI 

can support  these abilities  by providing alternative 

examples, prompting further questions, and helping 

students examine different solutions.

However, AI-generated answers can also allow stu-

dents to bypass the reasoning process. Assessments 
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should therefore  require  students  to  justify conclu-

sions, evaluate evidence, explain their reasoning, and 

apply concepts to unfamiliar problems.

CRITICAL  SYNTHESIS  OF  THE  EXISTING 

EVIDENCE

Evidence of Potential Benefits

Existing reviews suggest that AI can support person-

alized learning through adaptive instruction, tutoring, 

automated feedback, and generative AI [1], [2], [10]–

[17]. Meta-analyses have also reported positive aver-

age effects for some AI-supported educational inter-

ventions [3], [3], [6]–[8].

These findings justify continued research and care-

fully designed implementation. However, they should 

not be interpreted as evidence that every AI tool im-

proves learning or that every student benefits equally.

Variation Between Studies

An important issue is the variation in reported results. 

Han et al. synthesized 68 experimental and quasi-ex-

perimental studies of generative AI and reported an 

overall  standardized mean difference of 0.45 (95% 

confidence interval:  0.43–0.47),  but  very high het-

erogeneity (I² = 95%) [3]. This estimate describes the 

source meta-analysis and must not be interpreted as 

an effect size calculated by the present review. Dong 

et al. also reported a positive average effect on aca-

demic achievement but found considerable variability 

among studies [6].

Such  variation  suggests  that  outcomes  depend  on 

factors including educational level, subject domain, 

intervention duration, instructional strategy, and as-

sessment design. Results from one setting may not 

generalize to another.

The Importance of Comparison Conditions

A further challenge is determining whether reported 

improvements  result  from  AI  itself  or  from  other 

features of the intervention.

An AI-supported group may receive more practice, 

faster feedback, additional instructional time, or more 

individual attention than a comparison group. If these 

differences are not controlled or clearly described, the 

contribution of AI cannot be isolated.

Research  should  compare  AI-supported  instruction 

with credible  alternatives  and report  differences  in 

teaching methods, practice opportunities, and teacher 

involvement.

Feedback as a Pedagogical Mechanism

The value of AI feedback should be assessed against 

established principles of effective feedback. Feedback 

is most useful when it helps learners understand the 

gap between their  current  performance and the in-

tended learning goal [18], [19].

AI can potentially make such feedback more frequent 

and  accessible.  However,  the  number  of  feedback 

messages  is  not  a  meaningful  measure  of  quality. 

Researchers  should  examine  whether  feedback  is 

accurate, understandable, actionable, and associated 

with improved independent performance.

Short-Term  Performance  Versus  Long-Term 

Learning

Many educational  interventions  rely  on  immediate 

post-tests.  Such assessments can provide useful in-

formation about short-term performance but may not 

establish whether learning persists.

Longitudinal  research  should  investigate  retention, 

transfer,  and independent  problem-solving after  AI 

support  has  been  reduced  or  removed.  These  out-

comes  are  particularly  important  for  evaluating 

whether personalization develops lasting competence.

Novelty and Original Contribution

Existing publications have already reviewed AI-based 

personalized learning, adaptive education, and gener-

ative AI in education [1], [2], [5], [9]–[13]. Conse-

quently, another broad review must establish a clear 

contribution  beyond  summarizing  existing  applica-

tions.

This  article  emphasizes  the  connection  between 

learner information, AI adaptation, instructional ac-

tion, and independently measured learning outcomes. 

The objective  is  to  evaluate  not  simply whether  a 

system  personalizes  instruction,  but  whether  its 

adaptations improve meaningful and sustained learn-

ing.

PROPOSED  EVIDENCE-TO-DESIGN 

FRAMEWORK

This review proposes an analytical framework con-

necting four stages: learner information, AI adapta-

tion,  instructional  action,  and  measured  learning 
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outcomes. Privacy, fairness, transparency, accessibil-

ity, and human oversight apply across all stages.

Learner Information

AI  systems  may  use  assessment  results,  previous 

responses, stated goals, or interaction patterns to esti-

mate learning needs. The information selected should 

be relevant to a defined educational purpose and suf-

ficiently reliable for the decisions being made.

Collecting  additional  data  does  not  automatically 

improve personalization. Unnecessary data collection 

can increase privacy risks without improving instruc-

tional decisions.

AI Adaptation Mechanism

The adaptation mechanism converts learner informa-

tion into a  prediction,  recommendation,  or  instruc-

tional decision. Researchers should explain what the 

system is designed to optimize and how it has been 

evaluated.

For example, a system optimized for engagement may 

produce  different  recommendations  from one  opti-

mized for mastery or retention. The selected objective 

should align with the educational purpose.

Instructional Action

The system should translate predictions into mean-

ingful  educational  actions,  such  as  recommending 

additional practice, changing the sequence of topics, 

providing a hint, or suggesting teacher support.

The action must be appropriate to the learner’s needs 

and learning objective.  A technically  accurate  pre-

diction is insufficient if the resulting intervention does 

not support learning.

Measured Learning Outcomes

The final  stage  evaluates  whether  the  instructional 

action improves learning. Relevant measures include 

achievement, retention, transfer, self-regulation, en-

gagement, and learner experience.

Where possible, studies should include independent 

assessments and delayed measurements. These mea-

sures help distinguish genuine learning improvements 

from increased platform use or successful completion 

of AI-assisted tasks.

Governance and Human Oversight

Privacy,  transparency,  fairness,  accessibility,  and 

teacher oversight should be considered throughout the 

framework.  UNESCO's  guidance  on  generative  AI 

provides a useful policy perspective on human-cen-

tred implementation and responsible educational use 

[21].

Evaluation Matrix for Future Studies

A practical  test  of  the proposed framework should 

document:  the characteristics  and consent status of 

learner data; the version and adaptation logic of the 

AI system; the teacher's instructional role; the com-

parison  condition  and exposure  time;  pre-specified 

primary outcomes; delayed follow-up; subgroup fair-

ness; and adverse outcomes such as dependency or 

misinformation. Technical evaluation should include 

error analysis and calibration where predictive scores 

are used. Educational evaluation should include in-

dependent,  appropriately  blinded assessment  where 

feasible. This matrix is a proposed evaluation check-

list, not a validated instrument.

Transferable Insights from Adjacent AI Applica-

tion Domains

AI applications outside education demonstrate meth-

ods and risks that may inform future learning-system 

design, but they cannot be interpreted as empirical 

proof  of  improved  student  learning.  Work  on  AI-

driven drug discovery illustrates  the importance of 

domain-specific validation [26]; AI-supported fraud 

and behavior analytics and research into cloud/6G-

enabled environments raise questions about the use 

and security of behavioral data [27], [28]. Reviews of 

ICT-enabled smart cities and AI-assisted waste man-

agement  demonstrate  the  diversity  of  contexts  in 

which AI-enabled decision support and automation 

are discussed [29], [30]. Studies of AI in engineering 

and  finance  and  agricultural  prediction  similarly 

highlight the need to evaluate performance within the 

relevant  domain  before  generalizing  findings  [31], 

[32].  Research  on  neural  and  quantum-integrated 

methods for gene-expression analysis offers examples 

of advanced computational modeling, but is method-

ologically  distinct  from  evidence  about  education 

[33], [34]. These studies are included as contextual 

comparisons only; none is counted as a personalized-

learning outcome study.

CHALLENGES  AND  ETHICAL 

CONSIDERATIONS
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Data Privacy and Security

Personalized learning systems may process student 

performance records, interaction histories, and other 

potentially sensitive educational information. Institu-

tions should establish transparent policies governing 

data collection, access, retention, and security.

Data should be collected only when it serves a legiti-

mate educational purpose. Privacy safeguards should 

be incorporated into the design and implementation of 

AI systems [21].

Algorithmic Bias and Fairness

AI systems may perform differently across languages, 

educational settings, and learner groups. Models de-

veloped using unrepresentative datasets may generate 

less accurate recommendations for some students.

Researchers  should  evaluate  system  performance 

across  relevant  populations  and  examine  whether 

automated decisions disadvantage particular groups. 

Fairness should be treated as an implementation re-

quirement, not simply as a general principle.

Accuracy and Reliability

Generative AI can produce inaccurate explanations, 

misleading examples, and unsupported claims. Such 

errors are particularly concerning when students can-

not independently verify the information.

Educational  applications  should  encourage  fact-

checking, provide access to reliable learning materi-

als, and communicate the limitations of AI assistance 

[10], [21].

Learner Dependency

Immediate access to AI-generated answers may dis-

courage students from attempting difficult problems 

independently.  If  AI  replaces  the  cognitive  effort 

required for learning, successful task completion may 

not translate into independent competence.

Systems  should  provide  graduated  hints,  guiding 

questions,  and opportunities  for  revision.  Such de-

signs can help students develop reasoning skills while 

receiving appropriate support.

Accessibility and the Digital Divide

AI-enabled  learning  depends  on  access  to  suitable 

devices,  reliable connectivity,  accessible interfaces, 

and  digital  literacy.  Unequal  access  may  limit  the 

benefits of these systems and reinforce existing edu-

cational inequalities.

Responsible implementation should consider accessi-

bility,  affordability,  language  diversity,  and  infra-

structure requirements [21].

Teacher Roles and Professional Judgment

AI can assist teachers by providing feedback, analyz-

ing learner data, and preparing instructional materials. 

However,  teaching  also  involves  contextual  judg-

ment, encouragement, social interaction, and ethical 

responsibility.

Research on AI in education emphasizes the impor-

tance  of  connecting  technical  developments  with 

educational theory and the work of educators [11], 

[12], [14]. AI should therefore support teacher exper-

tise rather than automatically replace it.

FUTURE RESEARCH DIRECTIONS

The literature  suggests  several  priorities  for  future 

research.

1.  Longitudinal  evaluation: Examine  retention, 

transfer, and independent performance over ex-

tended periods.

2. Stronger comparison designs: Compare AI-sup-

ported instruction with credible alternatives and 

clearly document instructional differences.

3. Transparent reporting: Describe the AI system, 

its  educational  role,  intervention  duration,  as-

sessment methods, and teacher involvement.

4.  Equity and inclusion: Investigate accessibility, 

language coverage, and differences in outcomes 

across relevant learner populations.

5.  Human–AI collaboration: Examine how teach-

ers  can  use  AI  recommendations  without  in-

creasing workload or compromising professional 

judgment.

6.  Independent learning: Determine whether stu-

dents can apply knowledge after AI assistance is 

withdrawn.

7. Ethical implementation: Integrate privacy, fair-

ness,  transparency,  and  error  management  into 

system design and evaluation.
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8. Reproducibility: Use transparent research meth-

ods and provide enough information for indepen-

dent verification.

9.  Feedback quality: Evaluate whether AI-gener-

ated feedback is accurate, actionable, and associ-

ated  with  improved  learning,  drawing  on 

established feedback principles [18], [19].

10.  Review  methodology: Future  systematic  re-

views should report  their  search and screening 

processes  according  to  established  reporting 

guidance [20].

IMPLICATIONS  FOR  EDUCATIONAL 

PRACTICE

Educational  institutions  should  select  AI  tools  ac-

cording to clearly defined learning objectives rather 

than technological popularity. Before adopting a sys-

tem,  institutions  should  identify  the  educational 

problem it is intended to address and determine how 

improvement will be measured.

Teachers should receive training in interpreting AI-

generated  feedback,  checking  system  outputs,  and 

recognizing the limitations of automated recommen-

dations. Students should learn to verify information, 

evaluate AI-generated explanations, and use AI as a 

learning  aid  rather  than  a  substitute  for  their  own 

reasoning.

Evaluation should consider both educational benefits 

and  potential  harms.  Institutions  should  examine 

achievement, retention, accessibility, privacy, teacher 

workload, and implementation costs before expand-

ing AI-supported practices.

A responsible implementation strategy should begin 

with a clearly defined use case and expand only when 

evidence demonstrates educational value and accept-

able risks. This approach is consistent with the need 

for human-centred and responsible AI implementa-

tion in education [21].

LIMITATIONS OF THIS REVIEW

This  article  is  a  critical  narrative  review based on 

selected  published  research  and  review-level  evi-

dence. It is not an exhaustive systematic review and 

does not present a new meta-analysis. The discussion 

is therefore limited by the scope and methods of the 

cited publications.

AI technologies and educational practices also evolve 

rapidly. Findings associated with a particular model, 

subject,  educational  level,  or  intervention  may  not 

generalize to other settings. The proposed evidence-

to-design framework is an analytical contribution that 

requires further empirical testing.

Before  submission,  the  manuscript  would  benefit 

from a reproducible literature-search log, verification 

of all bibliographic metadata and primary claims, and 

a  study-by-study  evidence  table.  Because  this  is  a 

narrative review, a PRISMA flow diagram, pooled 

effect  estimate,  and  formal  study-level  risk-of-bias 

ratings are not asserted without supporting work. The 

cross-domain sources are used for conceptual transfer, 

not educational effect estimation.

CONCLUSION

Artificial intelligence offers important opportunities 

to  personalize  learning  through  adaptive  content, 

intelligent  tutoring, automated feedback, generative 

AI,  and  learning  analytics.  Existing  research  and 

meta-analyses indicate that AI-supported educational 

interventions can improve selected learning outcomes 

[3],  [3],  [6]–[8], although their  effectiveness varies 

across educational contexts and instructional designs.

The  effectiveness  of  AI-enabled  personalization 

should not be assumed from technological sophisti-

cation alone. It depends on the relevance of learner 

information, the quality of the adaptation mechanism, 

the appropriateness of the instructional action, and the 

validity of the outcomes used for evaluation.

Privacy, fairness, accuracy, accessibility, and human 

oversight are essential considerations in responsible 

implementation [21]. Future research should empha-

size  sustained  learning,  independent  performance, 

transparent reporting, and equitable outcomes.

Ultimately, the value of AI in personalized learning 

should be determined by whether  it  helps students 

develop meaningful knowledge and skills that persist 

beyond their immediate interaction with the technol-

ogy.
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