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Abstract
With the development of artificial intelligence, personalized learning has attracted much attention as an integral part of intelligent education. In
recent years, countries and regions such as China, the United States, and the European Union have increasingly recognized the importance of
personalized  learning,  emphasizing  its  potential  to  integrate  large-scale  education  with  individualized  instruction  effectively.  This  survey
provides a comprehensive analysis of personalized learning by reviewing relevant studies published in major conferences and journals between
January  2017  and  April  2025.  We  examine  its  definition,  objectives,  and  underlying  educational  theories,  highlighting  its  pedagogical
significance. Furthermore, we explore personalized learning from two key dimensions: student modeling and personalized recommendations.
Student modeling is analyzed from both cognitive and non-cognitive perspectives, while recommendation approaches are categorized based on
their specific objectives. Additionally, we investigate the interplay between these components and their role in enhancing personalized learning.
Beyond theoretical and algorithmic insights, this survey reviews real-world applications, demonstrating personalized learning’s effectiveness in
educational practice. Finally, we discuss key challenges and future directions, offering a multidimensional perspective that bridges theory and
practice.
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 ■ 1  Introduction
Throughout  history,  the  landscape  of  education  has  continually
evolved,  undergoing  significant  and  transformative  changes.
Personalized learning, positioned as a pivotal focus on education, has
emerged  as  a  crucial  strategy  to  address  the  distinct  needs  and
objectives of individual learners.
Personalized learning has evolved from early educational research

on  individual  differences  [1]  to  computer-assisted  instruction  [2],
eventually  becoming  an  integral  part  of  intelligent  educational
systems  through  recommender  systems  and  student  modeling  [3,4].
With  the  advent  of  big  data  technologies,  personalized  learning  has
entered  a  data-driven  era,  enabling  more  precise  adaptation  to
individual learner needs [5].
This  evolution  has  led  to  personalized  adaptive  learning,  which

dynamically  adjusts  instructional  content  and  strategies  based  on
students’ abilities and progress. Figure 1 outlines this developmental
trajectory,  illustrating  key  milestones  from  the  early  1800s  to  the
present.  The  trajectory  of  personalized  learning  has  traversed  an

evolutionary  continuum,  progressing  from simplicity  to  complexity,
from  mechanization  to  intelligence,  and  from  theoretical
conceptualization  to  practical  implementation.  By  tailoring  content
and learning paths to individual characteristics, personalized learning
enhances  engagement,  improves  learning  outcomes,  and
accommodates  diverse  educational  needs  [6–8].  It  has  demonstrated
effectiveness  across  traditional  classrooms,  online  education  [9],
workforce training [10], and career development [11].
As  education  increasingly  shifts  towards  intelligent  and  adaptive

models,  research  in  personalized  learning  has  become  essential  for
addressing  student  diversity,  improving  motivation,  and  reducing
dropout  rates  [12,13].  The  growing  prominence  of  personalized
learning  in  academia,  policy  discussions,  and  media  further
highlights its significance [14].
Although  personalized  learning  has  made  significant  progress,

existing  review  studies  often  focus  on  specific  aspects  and  lack  a
comprehensive and systematic overview of the field. To fill this gap,
this study systematically analyzes personalized learning, exploring its
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definitions, goals, educational theories, and key technologies. Special
emphasis  is  placed  on  student  modeling  and  personalized
recommendations,  as  these  components  form  the  foundation  of
personalized  learning  implementation.  By  synthesizing  recent
advances and identifying future research directions, this review aims
to  provide  valuable  insights  for  researchers  and  practitioners  in  the
field.

 1.1  Comparison to relevant surveys
Recent  studies  have  explored  personalized  learning  from  various
perspectives,  yielding  valuable  insights.  Chen  et  al.  [15]  examined
the  impact  of  individual  differences,  including  learning  styles  and
abilities,  on  personalized  learning.  Shemshack  et  al.  [16]  analyzed
personalized  learning  terminology,  complementing  our  definition  in
Section  2.  Bernacki  et  al.  [17]  reviewed  empirical  research  using
Preferred  Reporting  Items  for  Systematic  Reviews  and  Meta-
Analyses  (PRISMA)  guidelines,  focusing  on  specific  contexts  and
learner characteristics. While sharing a focus on educational theories,
their  study  does  not  delve  as  deeply  into  the  intricate  relationship
between  educational  theories  and  personalized  learning.  Essa  et  al.
[18]  extensively  studied  learning  styles,  primarily  emphasizing
machine  learning  methods  for  learner  classification.  While  our
review  includes  learning  style  identification,  we  adopt  a  broader
scope,  incorporating  sentiment  and  behavioral  analysis  within
learning  analytics.  Many  reviews  focus  on  personalized  learning
recommendations,  emphasizing  algorithms  such  as  deep  learning,
machine  learning,  and  meta-learning  [19–21].  Some  studies
specialize  in  resource  or  learning  path  recommendations  [22],  often
limiting  their  scope  to  specific  techniques.  In  contrast,  our  review
provides  a  more  comprehensive  analysis  covering  not  only
personalized  recommendations  but  also  other  important  aspects  of

personalized  learning,  such  as  cognitive  diagnosis  and  learning
styles.

 1.2  Contributions
This  paper  presents  a  systematic  and  comprehensive  review  of
personalized  learning,  encompassing  its  definitions,  goals,
methodologies,  educational  theories,  practical  applications,  and  the
interplay  between  student  modeling  and  personalized
recommendations.  Through  detailed  classification  and  in-depth
analysis, it provides readers with a holistic understanding of the field.
The main contributions of this paper are as follows:

● New  taxonomy.  Although  comprehensive  personalized
learning  systems  typically  consist  of  four  key  components:
student  modeling,  content  modeling,  personalized
recommendations,  and  instructional  interventions  [23],  this
paper focuses on the two core components, student modeling
and  personalized  recommendations,  as  they  are  sufficient  to
capture  the  complete  process  of  personalized  learning
implementation.  To  refine  the  classification  framework,
student  modeling is  divided into cognitive and non-cognitive
categories.  Cognitive  modeling  encompasses  cognitive
diagnosis  and  student  performance  prediction  (cognitive),
whereas  non-cognitive  modeling  includes  learning  style
analysis,  sentiment  analysis,  behavior  analysis,  and  student
performance  prediction  (non-cognitive).  Similarly,
personalized  recommendations  are  categorized  into  path
recommendations,  course  recommendations,  and  exercise
recommendations.  Each  classification  is  further  delineated
based  on  technical  methodologies,  research  focus,  and
application  domains.  For  example,  in  student  behavior
analysis,  existing  studies  are  categorized  according  to

 

 
Fig. 1    The evolution of personalized learning
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technical  approaches  such  as  clustering  algorithms,
association  rules,  machine  learning,  and  hybrid  methods,
offering a systematic organization of prior research.

●  A comprehensive  and  systematic  review.  This  paper  offers  a
comprehensive,  multidimensional  review  of  personalized
learning,  covering  its  definition,  theoretical  foundations,
technical  pipeline  from  student  modeling  to  personalized
recommendations,  and  real-world  applications.  Beyond
technical  methodologies,  we  examine  its  scientific  basis  and
practical implications from an educational theory perspective.

●  Latest  information.  This  paper  systematically  collects  and
analyzes  the  latest  research  findings  from  January  2017  to
January  2025,  providing  a  comprehensive  reflection  on  the
latest  advances  and  trends  in  the  field  of  personalized
learning.

● Application notes. This paper will systematically present real-
world use cases of personalized learning that demonstrate the
effects  of  personalized  learning  in  real  educational  settings,
providing a link between theory and practice.

●  Future  directions.  We  critically  analyze  the  limitations  of
current state-of-the-art approaches and identify key challenges
in the field across four critical areas: data quality, assessment
systems,  technological  limitations,  and  ethical  concerns.
Based on these insights, we propose promising future research
directions to address these challenges and advance the field of
personalized learning.

 1.3  Survey methodology
We  systematically  select  articles  from  the  field  of  personalized
learning  through  a  four-step  procedure:  retrieval,  initial  screening,
fine-grained  selection,  and  supplementation.  The  detailed  workflow
and  the  number  of  the  corresponding  articles  are  illustrated  in
Fig. 2(a).  In  the  first  step  of  retrieval,  we  conduct  keyword-based
queries  on  major  academic  search  engines,  using  terms  such  as
(“[intitle: personalized AND intitle: learning]” and (“[intitle: adaptive
AND intitle: learning]”). This process yields a comprehensive initial
set  of  publications.  During  the  initial  screening,  we  remove
duplicates  and  retain  articles  published  between  2017 and  2025.  To
ensure  both  comprehensiveness  and  academic  rigor,  we  prioritize
publications  from  high-impact  journals  and  premier  conferences
(e.g.,  EDM,  Computers  &  Education,  IEEE  TLT,  AAAI,  KDD,
SIGIR),  while  also  incorporating  other  influential  or  contextually
significant  works.  The  selection  process  is  guided  by  multiple

criteria,  including  research  novelty,  analytical  rigor,  and  overall
scholarly impact.
The  subsequent  fine-grained  selection  involves  a  thorough

examination  of  the  remaining  corpus  to  identify  works  whose
primary  contribution  lies  in  student  modeling  or  personalized
recommendation,  thereby  ensuring  the  thematic  coherence  of  this
survey. Given that student modeling encompasses both cognitive and
non-cognitive  aspects,  we  employ  refined  keywords  for  filtering,
such  as:  (“[intitle:  student*  AND  (intitle:  modeling  OR  intitle:
diagnosis  OR  intitle:  analytics)]”)  OR  (“[intitle:  learner*  AND
(intitle:  modeling  OR  intitle:  analysis)]”)  OR  (“[intitle:  sentiment
AND  intitle:  analysis]”).  Similarly,  for  personalized
recommendation,  we  used:  (“[intitle:  personalized  AND  (intitle:
recommendation  OR  intitle:  education)]”  OR  “[intitle:
recommendation AND (intitle: exercise OR intitle: learning)]”).
Finally,  to  enhance  the  comprehensiveness  of  our  survey,  we

employ  a  backward  snowballing  strategy.  Starting  from  the  articles
selected  in  the  third  step,  we  trace  back  to  the  earlier  influential
articles  they  cited,  ultimately  forming  the  literature  dataset  for  our
research.  The  domain-wise  distribution  of  the  final  article  set  is
depicted in Fig. 2(b).

 1.4  Article organization
As illustrated in Fig. 3, this survey is structured as follows. Section 2
provides  a  detailed  discussion  on  the  definition  and  objectives  of
personalized learning, establishing a foundational framework for the
review and linking it to the educational theories discussed in Section
3.  Section  3  explores  the  theoretical  foundations  of  personalized
learning,  highlighting  key  educational  theories  that  underpin  its
development and offering a comprehensive perspective on education
to  support  subsequent  discussions.  Section  4  examines  student
modeling,  covering  cognitive  (Section  4.1)  and  non-cognitive
modeling  (Subsection  4.2),  and  categorizing  studies  by  research
focus  and  technical  methodology.  This  provides  a  comprehensive
learner  profile,  forming the  basis  for  personalized recommendations
in  Section  5.  Building  upon  this  foundation,  Section  5  explores  the
second  core  aspect  of  personalized  learning:  personalized
recommendations.  This  chapter  categorizes  personalized
recommendations into three aspects: learning path recommendations,
exercise  recommendations,  and  course  recommendations.  Section  6
presents  real-world  applications  that  integrate  the  previously
discussed  theories  and  methodologies,  showcasing  actual  tools  and
platforms implemented in practice. Section 7 outlines key challenges

 

 
Fig. 2    Survey methodology, article filtering, and reference proportion. (a) Article filtering process funnel; (b) proportion of core article themes
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and  future  research  directions,  offering  insights  into  unresolved
issues  and  potential  advancements  in  the  field.  Finally,  Section  8
provides  a  summary  of  the  survey.  This  structured  approach
thoroughly examines personalized learning across educational theory,
technology,  and  practice,  aiming  to  equip  academics  and
practitioners with a well-rounded perspective.

 ■ 2  Definition and goals
 2.1  Definitions of personalized learning
Definitions  of  personalized  learning  from  different  organizations
demonstrate  the  diversity  and  complexity  of  the  concept,  with
different emphases, scopes, and implementation strategies. Globally,
there is no standardized definition [24], yet a comparative analysis of
multiple  organizations’  definitions  provides  a  clear  picture  of  the
evolution  of  the  concept  and  its  specific  application  in  different
educational contexts.
The definition of personalized learning was first put forward by the

Organization for  Economic Co-operation and Development (OECD,
2006)1)  reflects  its  systemic  and  holistic  nature,  arguing  that
personalized  learning  is  not  just  about  individual  adjustments  to
teaching  methods  but  rather  a  redesign  of  education  through  five
dimensions:  learning  assessments,  teaching  strategies,  curriculum
choices,  school  organization,  and  partnerships.  This  definition
emphasizes  a  holistic  reform  of  the  education  system,  focusing  on
how to  meet  individual  student  needs  and promote  the  optimization
of  the  education  process  through  the  integration  of  feedback
mechanisms and personalized teaching strategies.

In contrast,  the International Society for Technology in Education
(ISTE, 2014)2) puts the spotlight on the role of technology, arguing
that  the  core  of  personalized  learning  lies  in  the  customization  and
optimization of each student’s learning experience through the use of
technological tools. ISTE’s definition highlights how technology can
be a bridge to support personalized teaching and learning, especially
in the age of information technology, which has become an important
means  of  promoting  personalized  learning.  In  this  perspective,
personalized  learning  is  more  often  reflected  in  the  digital
customization  of  educational  resources  and  learning  paths,  with  an
emphasis  on  the  adaptability  and  accessibility  of  tools.  Meanwhile,
the  International  Association  for  K-12  Online  Learning  (INACOL,
2016)3) tends to focus more on the students themselves, proposing a
student-centered  definition  of  personalized  learning  that  emphasizes
the  need  for  education  to  be  adapted  to  the  interests,  strengths,  and
needs  of  students.  This  perspective  dovetails  with  the  U.S.
Department  of  Education’s  (2017)  definition  in  its  National
Education Technology Plan [25], which proposes to personalize each
student’s  pace  and  instructional  approach,  emphasizing  the
individualization and flexibility of education. Both INACOL and the
U.S. Department of Education’s definitions exemplify the application
of personalized learning to actual teaching and learning, especially at
the  K-12  education  level,  with  a  focus  on  tailoring  instruction  to
students’  individual  differences  to  customize  instructional  content
and  pacing.  In  contrast,  the  Stanford  Research  Institute  (SRI,  2018)
[26]  provides  a  more  in-depth  definition,  emphasizing  that
personalized  learning  is  not  limited  to  adapting  instructional

 

 
Fig. 3    An overview framework of the survey
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strategies but should also be comprehensively adapted to the needs of
the  student  through  customized  assessments,  curricula,  and
instructional methods. This definition reflects a deeper understanding
of individual differences and promotes the incorporation of multiple
instructional  elements  into  the  educational  process  to  achieve  more
comprehensive personalized learning.
Taken together, these definitions suggest that personalized learning

is centered on making adjustments to students’ individual needs and
learning  progress,  but  the  specific  ways  in  which  this  is  practiced
vary  widely.  From  OECD’s  emphasis  on  system-wide  reforms  to
ISTE’s  prominence  of  the  role  of  technology support  to  INACOL’s
and  the  U.S.  Department  of  Education’s  emphasis  on  student-
centered  strategies,  each  definition  reflects  the  understanding  and
application of personalized learning in different educational contexts.
Meanwhile,  the  Stanford  Research  Institute’s  definition  further
deepens the concept by advocating for a more integrated and deeper
model  of  personalized  education.  These  different  perspectives  and
foci  reveal  the  diversity  of  personalized  learning  in  theory  and
practice,  and  reflect  the  continuing  exploration  and  development  of
this innovative concept in the field of education.
In summary, although the definitions of personalized learning vary

across organizations and contexts, they all point to one core goal: to
meet  the  unique  abilities,  knowledge  levels,  and  learning  needs  of
each student through customized teaching strategies and approaches.
As  the  definitions  continue  to  evolve,  personalized  learning focuses
more  on  active  student  engagement  and  the  effective  use  of
technology, reflecting a gradual shift in the educational model away
from  a  single  instructional  approach  to  one  that  is  diverse  and
flexible.

 2.2  Goals of personalized learning
The  goals  of  personalized  learning  span  various  dimensions,
including motivation,  competence,  and achievement,  with variations
in  ultimate  objectives  across  different  definitions  and methods  [17].
Table 1  outlines  seven  potential  goals  associated  with  personalized
learning.  These  goals  are  based  on  established  educational  theories
and  frameworks  that  provide  the  theoretical  basis  for  their
formulation and justification.
We  can  see  that  the  goal  of  personalized  learning  is  not  just  a

simple adjustment to the individual learning needs of students but is
also  based  on  existing  theoretical  foundations  and  practical
experience,  aiming to improve learning outcomes,  cultivate intrinsic
interest in learning, develop self-directed learning skills and creative
thinking,  and provide  effective  empowerment  strategies  in  a  variety
of  areas.  The  achievement  of  these  goals  will  help  drive  the
development  of  personalized  learning,  providing  students  with  a
more personalized and efficient learning experience while improving
educational outcomes and laying a theoretical foundation for the full
implementation of personalized education.

 ■ 3  Foundations of educational theory
 3.1  Educational theory
Before  entering  the  adaptive  personalization  stage,  numerous
educators have proposed many educational theories aimed at shaping

and  advancing  personalized  learning.  Each  theory  offers  unique
insights into the design and implementation of personalized learning
and provides important theoretical support for its development. Next,
we  present  an  overview  of  educational  theories  closely  associated
with  personalized  learning,  highlighting  their  contributions  to
personalized  learning  and  exploring  practical  applications  in
educational settings. We organize these theories into three categories:
educational  philosophy,  learning  psychology,  and  sociocultural
perspectives.

1) Educational philosophy
● Progressivism [27–29]
–  Introduction:  Progressivism,  a  pivotal  paradigm  in  20th-
century Western education, challenged conventional norms. It
focused  on  problem-centered  learning  to  cultivate
independent  learning,  critical  thinking,  and  heightened
engagement.  Progressivism  emphasizes  acknowledging
individual  differences  and  championing  student-centered
teaching approaches.

– Contribution:  Provides  the  foundational  goal  of  personalized
learning,  advocating  for  education  tailored  to  individual
needs.

–  Application:  Implemented  through  project-based  learning,
where students choose projects based on their interests.

2) Learning psychology
● Behaviorist theory [30,31]
– Introduction: Behaviorism, pioneered by psychologist Watson,
sees  behavior  as  observable  responses  to  external  stimuli.
Modified  by  neo-behaviorists  like  Tolman,  it  introduces
intervening variables between stimuli  and responses.  Skinner
and  followers  emphasize  reinforcement  as  the  key
mechanism,  shaping  behavior  through  environmental
influences.  In  essence,  behaviorism  underscores  the
importance of observing, strategizing, and controlling learner
behavior,  as well  as shaping behavior through environmental
influences.

–  Contribution:  Informs  the  design  of  feedback  systems  in
personalized  learning,  enabling  immediate  and  tailored
feedback to reinforce desired behaviors.

– Critique:  Limited  by  its  reliance  on  external  stimuli,
necessitating  integration  with  other  theories  to  address
internal cognitive processes.

– Application: Applied in adaptive quizzing systems (e.g., Khan
Academy),  gamified  learning platforms (e.g.,  Duolingo),  and
Intelligent  Tutoring  Systems  (ITS)  that  provide  personalized
feedback based on student responses.

● Constructivism [32–34]
–  Introduction:  Constructivism,  a  cognitive  psychology  branch,
emerged  from  studying  children’s  cognitive  development.  It
explores  principles  governing  learning  processes,
emphasizing  active  learner  interaction  with  the  environment.
Learning  involves  participation,  critical  thinking,  hands-on
experiences,  and  the  construction  of  knowledge.  The  theory
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recognizes  diverse  learner  backgrounds  and  asserts  that
knowledge construction depends on individual differences.

–  Contribution:  Supports  the  design  of  collaborative  and
exploratory learning environments in personalized learning.

– Application:  Implemented  through  online  discussion  forums,
collaborative projects, and problem-based learning activities.

● Cognitive psychology [32,35,36]
–  Introduction:  Cognitive  theory,  rooted  in  Gestalt  psychology,
focuses on information processing and mental processes. Like
constructivism, it sees learning as an active process involving
interactions  with  the  environment  and  cognitive  functions
such  as  perception  and  memory.  Emphasizing  problem-
solving,  it  highlights  using  cognitive  structures  like  schemas
for  adequate  comprehension.  The  theory  acknowledges
diverse  cognitive  styles,  influencing  learning  styles,  subject
interests, and mastery abilities.

– Contribution: Guides the design of personalized learning paths
and strategies, addressing individual cognitive needs.

–  Application:  Used  in  adaptive  learning  systems  that  adjust
content based on learners’ cognitive profiles and performance.

3) Sociocultural perspectives
● Sociocultural theory [33,37]
– Introduction: The theory, proposed by Soviet psychologist Lev
Vygotsky,  presents  a  theoretical  framework  that  underscores
the  pivotal  influence  of  sociocultural  factors  on  human
cognitive  development.  It  posits  that  mental  functioning  is
shaped  through  cultural  mediation,  primarily  involving
language.  The  theory  introduces  the  Zone  of  Proximal
Development (ZPD), stressing the importance of collaborative
learning.  Social  interactions  play  a  crucial  role  in  individual
cognition and learning.

–  Contribution:  Supports  the  implementation  of  collaborative
learning activities in personalized learning.

–  Application:  Implemented  through  social  learning  platforms
that facilitate peer interaction.

In  conclusion,  progressivism  advocates  for  fostering  autonomous
learning,  behaviorist  theory  offers  valuable  insights  into  designing
effective  feedback  mechanisms,  constructivism  underscores  the
importance  of  active  knowledge  construction,  cognitive  theory

  
Table 1    The goal of personalized learning

Goal Explanation Theoretical foundation Educational implications

Improving
academic
performance

Deliver tailored academic assistance by offering
customized learning experiences that address the
student’s subject proficiency, strengths, and
weaknesses, to enhance their academic

performance in specific subjects.

Cognitive Psychology: Emphasizes
individual differences in cognitive
styles and information processing,
supporting the need for tailored

learning experiences.

By addressing individual cognitive needs,
personalized learning can enhance subject

mastery and academic achievement,
leading to better educational outcomes.

Stimulating
interest in
learning

Identifying students’ interests through their
learning processes and designing tasks that align
with those interests. Providing materials and

activities that resonate with these preferences to
ignite their enthusiasm and foster deeper
engagement with the subject matter.

Constructivism: Highlights the
importance of engaging learners
through meaningful and relevant
tasks that align with their interests

and experiences.

Personalized learning fosters intrinsic
motivation by making learning relevant
and engaging, which can lead to sustained
interest and deeper engagement with the

subject matter.

Fostering
self-directed
learning

Empower students by offering them flexibility to
choose their learning paths and resources.
Encourage them to formulate personalized
learning plans, fostering greater autonomy in

managing their learning processes.

Progressivism: Advocates for
student-centered learning and the
development of independent

learning skills.

Promoting self-directed learning fosters
essential life skills, including

independence, accountability, and
effective time management, which are

crucial for continuous learning throughout
life.

Adapting to
students’
pace of
learning

Tailoring the content and complexity to
accommodate diverse learning speeds and
comprehension levels empowers students to
progress at their learning pace, ensuring an

optimal level of mastery.

Behaviorist Theory: Supports the
idea of reinforcement and pacing
based on individual responses to

stimuli.

Allowing students to learn at their own
pace reduces frustration and anxiety,
leading to better comprehension and

retention of material.

Fostering
Creative
Thinking

Offer inspiring tasks that encourage students to
showcase creative thinking throughout the

learning journey, fostering the development of
their innovation skills and independent thought.

Constructivism: Emphasizes active
knowledge construction and
problem-solving, which are
essential for creative thinking.

A personalized learning environment that
fosters creativity enables students to

develop innovative solutions and cultivate
critical thinking skills, both of which are

essential for success.

Reducing
the learning
gap

Offer tailored instructional strategies designed to
meet the diverse needs of students, ensuring
comprehensive understanding and mastery of
subject matter. Strive for a balanced approach
that considers each student’s level, minimizing

learning gaps across the student body.

Sociocultural Theory: Emphasizes
the role of collaborative learning
and social interaction in bridging

learning gaps.

Personalized learning can address
individual learning gaps by providing

targeted support, ensuring that all students
have the opportunity to succeed.

Promoting
cooperative
learning

Encourage collaborative learning by crafting
tasks that foster teamwork and mutual learning

among students.

Sociocultural Theory: Stresses the
importance of social interaction
and collaborative learning in
cognitive development.

Cooperative learning enhances social
skills, promotes deeper understanding
through peer interaction, and fosters a
sense of community in the classroom.
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focuses  on  addressing  learners’  cognitive  needs,  and  sociocultural
theory emphasizes the critical role of collaboration and social context
in  student  development.  Despite  the  inherent  limitations  of  each
theoretical  framework,  personalized  learning  adopts  an  integrative
approach  that  synthesizes  these  perspectives  to  create  a  holistic
educational  paradigm.  By  leveraging  the  foundational  insights
provided by these educational theories, personalized learning enables
the  design  of  flexible  learning  environments  tailored  to  individual
differences. The integration of these theoretical perspectives not only
deepens the understanding of students’ diverse needs but also drives
the development and continuous innovation of personalized learning
within the dynamic landscape of modern education.

 3.2  Educational theories for technological modeling
Educational theories not only establish the fundamental principles of
personalized learning but also provide direct design foundations and
interpretive  frameworks  for  subsequent  student  modeling  and
recommendation  strategies.  Specifically,  these  theories  guide  the
selection  of  core  modeling  variables  (e.g.,  prior  knowledge,
emotional  states),  inform  the  underlying  design  logic  of
computational  frameworks,  and  ensure  the  pedagogical  validity  of
recommendation strategies. Table 2 clearly illustrates the supporting
relationships  between  key  educational  theories  and  corresponding
technical  approaches.  Overall,  these  theories  function  as  a  critical
bridge  connecting  pedagogical  philosophy  with  technological
realization,  thereby  establishing  a  robust  theoretical  foundation  for
the technical explorations presented in the subsequent sections.

 ■ 4  Student modeling
Effective  personalized  learning  relies  on  two  fundamental

components:  student  modeling  and  personalized  recommendations.
Student  modeling  aims  to  construct  a  comprehensive  representation
of the learner by capturing both cognitive and non-cognitive factors,
providing  a  foundation  for  adaptive  learning.  Cognitive  modeling
focuses  on  inferring  students’  knowledge  states  through  techniques
like  cognitive  diagnosis,  enabling  adaptive  instructional  content  for
deeper comprehension. In contrast, non-cognitive modeling considers
learning styles, behaviors, and emotional states to provide a broader
perspective  on  individual  learning  needs.  By  integrating  these
dimensions,  student  modeling  facilitates  a  nuanced  learner  profile
that  informs  personalized  recommendations.  Based  on  student
modeling, personalized recommendations improve learning outcomes
by selecting appropriate resources, exercises, and feedback strategies
based  on  inferred  learner  characteristics.  This  synergy  between
modeling  and  recommendation  enhances  learning  outcomes  by
ensuring  that  instructional  content  is  tailored  to  student’s  unique
skills and challenges.
The  following  sections  will  provide  an  in-depth  analysis  and

summary  of  the  relevant  literature  on  cognitive  modeling,  non-
cognitive  modeling,  and  personalized  recommendations,  exploring
the advantages, challenges, and interactions among these methods, as
well as their synergistic effects.

 4.1  Cognitive modeling
Cognitive modeling refers to the use of mathematical, computational,
or  cognitive  theory  methods  to  simulate  an  individual’s  cognitive
processes  in  order  to  understand  and  predict  his  or  her  learning,
reasoning,  and  other  behaviors  [38,39].  In  the  field  of  personalized
learning,  cognitive  modeling  is  mainly  used  to  portray  students’
knowledge  states,  learning  behaviors,  and  ability  levels  to  support

  
Table 2    Educational theories as foundations for technological modeling
Educational
theory Core idea Key technical points Educational implications

Progressivism
Emphasizing individual differences,
learner-centered, and problem-based

learning.

Guiding system design toward
adaptive, interest-driven, and
project-based personalization.

Supporting learning path recommendation
(Subsec. 5.1) and course recommendation

(Subsec. 5.2).

Behaviorist
Theory

Viewing learning as a process of
stimulus–response reinforcement;
emphasizing external feedback and

behavior shaping through
environmental control.

Supporting behavior-driven
modeling and reinforcement-based
feedback mechanisms in learning

systems.

Predicting behavioral sequences in student
behavior analysis (Subsec. 4.2.3); providing the
theoretical foundation for RL-driven exercise

recommendation and adaptive feedback systems
(Subsec. 5.3).

Constructivism
Arguing that learners construct

knowledge through active engagement,
exploration, and collaboration.

Inspiring collaborative and self-
regulated modeling; emphasizing
learning context and interaction

patterns in model design.

Modeling state transitions in cognitive diagnosis
(Subsec. 4.1.1); constructing processes in student

performance prediction (Subsec. 4.1.2);
supporting knowledge graph–based
recommendation (Subsec. 5.1).

Cognitive
Psychology

Focusing on internal cognitive
processes such as perception, attention,
and memory; highlighting schema-
based information processing and

cognitive diversity.

Modeling cognitive features;
estimating ability parameters.

Estimating ability parameters in cognitive
diagnosis (Subsec. 4.1.1); capturing students’
knowledge states and cognitive processes in

student performance prediction (Subsec. 4.1.2);
matching based on individual knowledge

proficiency (Subsec. 5.3).

Sociocultural
Theory

Emphasizing the role of social
interaction, language, and culture in
learning; introducing the concept of

ZPD.

Modeling peer collaboration
features; providing a foundation for
recommendation mechanisms that
incorporate social context and

collaboration.

Applying graph-based or community-aware
recommendation models in course and exercise
recommendation (Subsec.5.2 and Subsec. 5.3).
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personalized  learning  recommendations  and  instructional
interventions. Specifically, cognitive modeling focuses on key factors
such as students’ knowledge acquisition, academic performance, and
cognitive  abilities,  which  are  essential  for  accurately  assessing
students’  learning  progress  and  optimizing  instructional  strategies.
Therefore,  this  chapter  will  systematically  explore  the  research
progress  of  cognitive  modeling  around  two  core  aspects:  cognitive
diagnosis and student performance prediction.

 4.1.1  Cognitive diagnosis
Rooted  in  constructivism  and  cognitive  psychology,  cognitive
diagnosis  conceptualizes  learning  as  an  active  process  in  which
individuals  construct  and  refine  internal  knowledge  representations.
These theories posit that knowledge mastery can be decomposed into
latent  cognitive  attributes,  with  observable  responses  serving  as
indirect evidence of their mastery levels. Building on this theoretical
foundation, cognitive diagnosis models (e.g.,  Item Response Theory
(IRT),  Deterministic  Inputs,  Noisy  “And”  gate  model  (DINA))
operationalize  the  estimation  of  these  latent  abilities  by  linking
response patterns to underlying cognitive skills.
As a core component of personalized learning, cognitive diagnosis

provides fine-grained assessments of students’ knowledge states. The
diagnostic  results  provide  educators  with  valuable  insights  to
customize  downstream  personalized  learning  materials  and
assignments,  including  course  or  question  recommendations.  In  this
section,  we  will  delve  into  cognitive  diagnosis  for  personalized
learning,  covering  its  task  formulation,  background,  and  a  literature
review of recent valuable works through a fine-grained taxonomy.
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Task  formulation.  Advancements  in  information  technology
provide  educators  with  abundant  student  learning  data  for  cognitive
diagnosis,  aiming  to  estimate  proficiency  in  specific  knowledge
concepts.  As  shown  in  Fig. 4,  this  task  aims  to  estimate  students’
proficiency in a specific knowledge concept by giving them a series
of test questions with their responses. Consider a student set   and a
test  question  set  .  Let    represent  the  -th  response  of
student  .  This  response  comprises  the  answered  question 
and  binary  correctness  indicator  ,  where    denotes  a
correct response. Given the historical responses of a student as a set
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,  the  Cognitive  Diagnosis  Model  (CDM)
captures  their  latent  proficiency    regarding  the  target  concept.
CDMs are  designed  to  estimate  the  probability  of  correct  responses
( ) without explicit proficiency annotations, learned by
maximizing the likelihood of observed responses:
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With the proliferation of personalized learning data, the Cognitive
Diagnosis  (CD)  task  has  evolved  to  assess  proficiency  across
multiple  knowledge  concepts.  This  multi-dimensional  scenario
introduces  a  core  challenge:  how  to  formally  represent  the
relationship  between  test  questions  and  the  multiple  concepts  they
assess.  This  challenge  is  addressed  by  a  fundamental  construct  in
CDMs known as the Q-matrix. The Q-matrix, denoted as 
where    is  the  set  of  knowledge  concepts,  is  a  binary  matrix  that
encodes the designer’s hypothesis about which concepts are required
to  solve  each  question.  Its  element    if  question    requires
concept  ,  and   otherwise.  The critical  assumption here is  that  the
Q-matrix  accurately  reflects  the  cognitive  attributes  necessary  for
solving  each  item.  Given  the  Q-matrix,  a  student’s  proficiency  is
represented  as  a  multi-dimensional  vector  .  The  CDM’s
objective  is  then  to  estimate    by  modeling  the  probability  of  a
correct  response  conditioned  not  only  on  the  student’s  proficiency
and  the  question  but  also  on  the  question’s  required  concepts
specified by  . Thus, we optimize the following revised objective:
 

max
∏
u∈U

∏
ru

i ∈Hu

p(au
i = 1|θu,qu

i ,Q). (2)

X T
θ E

Background. The development  of  the cognitive diagnostic  model
is shown in Fig. 5. As a means of assessing psychological attributes,
researchers  historically  employed psychometric  methods for  the CD
task. One prevalent method, Classical Test Theory (CTT) [40], posits
that  an  observed  score    comprises  a  true  score    (representing
knowledge mastery, i.e.,  ) and random error  :
 

X = T +E. (3)
Despite  its  simplicity,  CTT has  limitations;  for  instance,  it  does  not

 

 
Fig. 4    The essence of cognitive diagnosis
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explicitly  model  key  question  attributes  like  difficulty,  nor  does  it
naturally  handle  multiple  proficiency  dimensions.  Item  Response
Theory (IRT) [41] provides a more powerful  framework by directly
modeling the functional relationship between a student’s single latent
proficiency   and their probability of correctly answering a question
:

 

p(au
i = 1|θu,qu

i ) = ci +
1− ci

1+ e−ai(θu−bi)
, (4)

ci ai bi

θu

p(au
i = 1|θu,qu

i ) = f (ai,bi,θu,wi) wi

i

where  ,  ,  and    are  the  item  parameters  representing  the
question’s  guessability,  discrimination,  and  difficulty,  respectively.
The foundational IRT model was later extended to multidimensional
settings.  Multidimensional  Item  Response  Theory  (MIRT)  [42]
models  proficiency  as  a  vector    and  defines  the  response
probability as a function of a linear combination of the proficiencies,
often  as  ,  where    is  a  vector
weighting the relevance of each concept to question  . The Q-matrix
can  be  viewed  as  a  logical  and  binary  precursor  or  special  case  of
these weight vectors. Building on MIRT, more complex models, such
as  the  Graded  Response  Model  (GRM),  were  developed  to  handle
polytomous (multi-level) responses.
Later,  as  neural  network  technology  gained  prominence,  the

effectiveness  of  CD  tasks  in  predicting  student  outcomes  achieved
notable levels. Nevertheless, this progress also resulted in a reduction
in  interpretability  [43].  Researchers  are  currently  concentrating  on
the  challenge  of  preserving  high  accuracy  in  forecasting  student
performance  while  simultaneously  enhancing  the  interpretability  of
the models.

Taxonomy.  In  existing  research,  scholars  have  not  reached  a
complete  consensus  on  the  classification  of  cognitive  diagnosis
models.  Early  reviews  classified  models  from  psychometric  and
cognitive-theoretical  perspectives,  emphasizing underlying cognitive
assumptions  and  parameter  interpretability  [88].  More  recently,  Liu

et  al.  [89]  distinguished  probabilistic  cognitive  diagnosis  models
from those based on deep learning, while Wang et al. [90] proposed a
taxonomy  encompassing  both  psychometric  and  machine  learning
approaches.  This  evolution  from  traditional  methods  to  machine
learning  and  then  to  deep  learning  highlights  the  technological
progression  of  cognitive  diagnosis  methodologies  and  the  field’s
broader  shift  from  theory-driven  to  data-driven  paradigms.  By
drawing on the general taxonomy of educational technology research
methodologies  (data-driven  and  theory-driven  approaches),  a
complementary  perspective  is  proposed  [91].  Representative
cognitive  diagnosis  studies  are  categorized  into  theory-driven,  data-
driven,  and  integration  methods,  as  illustrated  in  Fig. 6.  Theory-
driven  approaches  rely  on  cognitive  psychology  or  educational
theory  to  ensure  the  theoretical  interpretability  of  students’
knowledge  states,  whereas  data-driven  approaches  leverage  large-
scale  analytics  and  machine  learning  to  infer  learning  capabilities
from  interaction  data.  Integration  methods  integrate  both
perspectives,  for  instance,  by  embedding  cognitive  theory  as
structural  constraints  within  data-driven  architectures.  Compared
with  previous  classification  systems,  the  proposed  framework
emphasizes  the  interaction  between  model-driven  mechanisms  and
cognitive  interpretability.  It  retains  the  theoretical  coherence  of
traditional  classifications  while  reflecting  emerging  trends  that
integrate deep learning with cognitive modeling, thereby providing a
unified  and  systematic  perspective  on  the  evolution  of  cognitive
diagnostic models. Table S1 summarizes representative studies under
this  framework,  and  the  following  is  a  detailed  description  of  the
listed research work.

1) Pedagogical theory driven methods The pedagogical theory-
driven  methods  in  cognitive  diagnosis  integrate  educational
theories  and  psychometric  principles  to  model  students’

 

 
Fig. 5    The development of cognitive diagnosis models

 

 
Fig. 6    A taxonomy of cognitive modeling
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cognitive states, focusing on teaching and learning processes,
instructional design, and cognitive assessment. By leveraging
well-established  theories,  this  approach  enhances  both  the
accuracy and interpretability of cognitive diagnosis models. A
key  aspect  of  this  paradigm  is  the  estimation  of  students’
overall  abilities  and  cognitive  profiles  based  on  their
interactions  with  learning  materials.  For  instance,  the
monotonicity  assumption,  a  fundamental  principle  in
instructional  theory,  posits  that  as  a  student’s  mastery  of  a
knowledge  concept  improves,  their  probability  of  correctly
answering related questions should increase. This assumption
underpins classic cognitive diagnosis frameworks such as the
DINA [49] and IRT [41], ensuring that cognitive assessments
align with established learning progression theories.
Beyond  the  monotonicity  assumption,  other  pedagogical
theories  have  been  incorporated  into  cognitive  diagnosis  to
refine  knowledge  assessment.  For  instance,  Ma  et  al.  [45]
applied  the  Neutral  Set  (NS)  theory,  which  comprehensively
assesses  students’  cognitive  states  by  categorizing  their
understanding  into  three  dimensions:  understanding,
misunderstanding,  and  uncertainty.  Liu  et  al.  [44]  combined
fuzzy  set  theory  and  educational  assumptions  to  model  test
takers  and  introduced  sliding  and  guessing  factors  into  the
mix. Further extending theory-driven approaches, Zhou et al.
[46]  proposed  a  situationally  aware  cognitive  diagnostic
framework,  which  integrates  educational  context
characteristics  into  the  diagnostic  process.  Recently,  Wang
et  al.  [48]  focused  on  the  underexplored  issue  of  uncertainty
in cognitive diagnosis and proposed a novel parameterization
technique based on traditional  psychometrics.  This  technique
can be adapted to various cognitive diagnostic models across
different  domains,  enhancing  their  robustness  and
applicability.  Meanwhile,  Guo  et  al.  [47]  also  addressed
uncertainty  in  cognitive  diagnosis  and  further  introduced  an
enhanced  framework  to  tackle  two  major  limitations:  single-
dimensional  modeling  and  data  sparsity.  They  developed  a
multidimensional  latent  cognitive  diagnosis  model  that
integrates  Rough  Concept  Analysis  (RCA)  and  IRT.  This
model  effectively  captures  multiple  cognitive  dimensions
simultaneously, enabling a more accurate and comprehensive
assessment of students’ cognitive states.

2) Data-driven methods The rise of information technology has
provided  a  wealth  of  data  for  cognitive  diagnosis.  Initiatives
are examining the challenges in cognitive diagnostic scenarios
related  to  data  and  proposing  effective  data-driven
approaches.  These studies,  which rely on large data  sets,  use
techniques  such  as  machine  learning  and  data  mining  to
extract  patterns  from  learner  behavior,  performance,  and
responses to facilitate cognitive diagnosis. As shown in Fig. 6,
we have a rough categorization of existing work.
Deep-learning  methods.  Deep  learning  has  emerged  as  a
prominent and rapidly evolving research direction in cognitive
diagnosis,  offering  powerful  data  processing  capabilities  and
flexible  network  architectures.  This  section  categorizes

existing  deep  learning-based  approaches  based  on  model
architectures  and  problem-solving  strategies,  providing  a
systematic review of recent advancements.
Data  sparsity  and  the  cold-start  problem  remain  critical
challenges  in  cognitive  diagnosis.  To  address  these  issues,
recent  studies  have  explored  various  strategies.  For  instance,
EIRS [58]  and  CMES [65]  improved diagnostic  accuracy  by
designing  rational  sampling  strategies  and  incorporating  un-
interacted  exercises  as  auxiliary  training  signals.  Gao  et  al.
[64] introduced the DZCD framework, which employs a dual
regularizer  to  train  the  diagnostic  model  and  categorizes
student states into shared and specific components to enhance
prior  knowledge  utilization.  Additionally,  Liu  et  al.  [68]
developed  an  inductive  cognitive  diagnostic  model  that
significantly enhances cold-start performance by constructing
a bipartite graph, modeling student proficiency using a Graph
Convolutional  Network  (GCN),  and  inferring  knowledge
states through neighborhood information aggregation.
Beyond individual  cognitive  diagnosis,  group-level  cognitive
diagnosis  has  gained growing research attention.  RDGT [67]
integrates  transformer-enhanced  Graph  Neural  Networks
(GNNs)  to  effectively  capture  both  inter  and  intra-group
relationships.  DGCD [69]  introduces  adaptive  denoising  and
entropy-weighted balancing to refine information aggregation
within  group-student-exercise  structures.  Meanwhile,
HomoGCD  [61]  employs  a  multi-granularity  framework  to
jointly  model  cognitive  states  at  both  individual  and  group
levels, enhancing diagnostic stability.
Beyond  group-level  modeling,  substantial  progress  has  been
made  in  utilizing  GNNs  to  capture  complex  relationships
among  students,  exercises,  and  knowledge  concepts,
enhancing cognitive diagnosis [50]. Existing studies primarily
focus on modeling these intricate relationships to gain a more
comprehensive  understanding  of  students’  cognitive  states
[51,52,54–57]. These approaches incorporate key factors such
as  knowledge  structure,  skill  levels,  and  prerequisite
dependencies  to  refine  cognitive  modeling.  In  addition  to
advancements  in  cognitive  modeling,  interpretability  has
become a crucial  research focus in cognitive diagnosis.  Shen
et  al.  [62]  proposed  a  symbolic  tree-based  approach  that
alternates  between  optimal  symbolic  representations  and
parameter  mixing,  effectively  bridging  the  gap  between
discrete  symbolic  representations  and  continuous  parameter
optimization  while  improving  both  generalization  and
interpretability.  Similarly,  Huang  et  al.  [63]  introduced  a
multi-dimensional  feature  extraction  framework  that
integrates  a  multi-channel  attention  mechanism  to  capture
complex  student-exercise  interactions,  enhancing  both  model
expressiveness and interpretability.
Non-deep-learning methods. A variety of non-deep learning
approaches  have  been  explored  in  cognitive  diagnosis,
leveraging  statistical  modeling  [74,75],  causal  inference
[73,77], and optimization techniques [71] to accurately assess
students’  knowledge  states.  These  methods  aim  to  enhance
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diagnostic  accuracy  by  explicitly  modeling  knowledge
structures,  incorporating  prior  knowledge,  and  improving
assessment efficiency. One major line of research focuses on
causal  inference  to  refine  cognitive  diagnosis.  Liu  et  al.  [73]
incorporates  Structural  Causal  Models  (SCM)  to  capture
causal  relationships  among  students’  mastery  levels,
enhancing the Q-matrix with an artificial Q-matrix as a prior.
This  enables  a  comprehensive  assessment  of  students’
abilities  by  inferring  relationships  between  exercises  and
explicit  as  well  as  latent  knowledge  attributes.  Causal
reasoning  was  further  extended  through  the  proposal  of  a
path-specific  causal  inference  framework  for  fairness-aware
cognitive diagnosis [77].
Another  critical  research  direction  involves  Bayesian
hierarchical  modeling.  Building  on  the  Bayesian  Network,
prior  knowledge  and  uncertainty  are  incorporated  into
Bayesian hierarchical  modeling [74].  Similarly,  the  Bayesian
Network-based  Hierarchical  Cognitive  Diagnostic  Model
(HierCDF) [75] fuses traditional models (IRT, MIRT, Matrix
Factorization [MF]) to capture students’ cognitive states.
In  addition  to  probabilistic  modeling,  optimization-based
approaches  have  been  explored  for  improving  diagnostic
efficiency.  An  adaptive  ant  colony  optimization  algorithm
(ACO-TC)  to  construct  cognitive  diagnostic  tests  [71].  This
method  optimizes  the  selection  of  test  items  using  historical
pheromone-based  search  strategies  and  heuristic  information
derived from item discrimination indices.

3) Integration  methods  Despite  significant  progress  in  both
theory-driven  and  data-driven  cognitive  diagnosis,  balancing
interpretability  and  predictive  accuracy  remains  a  challenge.
Integrating  theoretical  insights  with  data-driven  modeling
offers  a  promising  direction  to  enhance  diagnostic
effectiveness  by  leveraging  both  interpretability  and
flexibility. A notable early effort in hybrid modeling is Deep
Learning  Enhanced  Item  Response  Theory  (DIRT)  [78],
which extends traditional IRT by incorporating deep learning
techniques.  Building  on  this  foundation,  NeuralCDM  [80]
introduces  a  more  generalized  framework  that  integrates
neural  networks  to  model  complex  student-exercise
interactions  while  maintaining  interpretability  by  applying
monotonicity  constraints.  The  article  was  later  extended  by
introducing  variations  based  on  content  awareness  and
knowledge  associations,  focusing  on  the  relationships
between knowledge concepts [81]. Extending neural cognitive
diagnosis to group-level assessments, MGCD [79] employs a
multi-task learning framework to jointly model individual and
group-level  cognitive  states.  Beyond  accuracy  and
interpretability,  fairness  is  a  critical  concern  in  cognitive
diagnosis.  FairCD  [83]  addresses  fairness  issues  by
decomposing  student  abilities  into  bias-sensitive  and  fair
components,  using  adversarial  learning  to  mitigate  the
influence  of  sensitive  attributes  (e.g.,  socioeconomic  status)
on  assessments.  Additionally,  affective  factors  have  been

integrated  into  cognitive  diagnosis,  further  expanding  the
scope of hybrid models [84].

This chapter has provided a comprehensive overview of cognitive
diagnosis.  Our  analysis  reveals  a  predominant  focus  on  data-driven
methods to enhance accuracy, yet the educational implications of all
approaches are significant. Pedagogically, theory-driven methods are
fundamentally centered on interpretability and trustworthiness, which
are  crucial  for  informing  instructional  decisions.  For  instance,  the
DINA  model’s  explicit  parameterization  of  guessing  and  slipping
probabilities  helps  teachers  determine  whether  errors  stem  from
fundamental  misconceptions  or  accidental  slips,  thereby  enabling
targeted feedback. Empirical studies demonstrate the practical impact
of  such  approaches.  Huang  et  al.  [92]  applied  a  DINA-based
cognitive  diagnosis  in  a  high-school  physics  course  on
electromagnetic  induction  and  designed  multi-level  remedial
instruction  based on the  results.  Their  study confirmed significantly
greater  learning  gains  in  the  experimental  group  compared  to  the
control. From a long-term perspective, assessments based on IRT or
DINA  can  reveal  individual  knowledge  structures  and  uncover
specific  conceptual  gaps  masked  by  aggregate  scores,  supporting
differentiated instruction and mastery learning [93].  Such diagnostic
insights  enable  educators  to  design  targeted  exercises,  ensuring
students  master  core  proficiency  before  tackling  more  complex
topics.
In  contrast,  data-driven  methods  derive  pedagogical  value  from

uncovering complex learning patterns in large-scale behavioral data,
thus  enabling  fine-grained  diagnosis  and  personalized  support.  For
instance,  GNN-based  models  analyze  intricate  relational  networks
among students, exercises and knowledge concepts to identify latent
associations (e.g., between mastery of Concept A and common errors
in  Concept  B)  [50].  These  insights  lay  an  empirical  foundation  for
instructional  refinement.  Models  such  as  EIRS [58],  which  mitigate
data  sparsity,  further  boost  student  engagement  and  motivation  by
enabling  reliable  diagnosis  for  learners  with  sparse  interaction
records.
Integration-based  approaches  mark  the  maturation  of  cognitive

diagnosis  research  by  balancing  predictive  accuracy  with
interpretability  and  fairness,  thereby  enabling  more  trustworthy  and
comprehensive  educational  AI  systems.  NeuralCDM  [80],  for
instance,  leverages  the  expressive  power  of  neural  networks  while
incorporating  monotonicity  constraints  to  uphold  fundamental
educational  principles.  This  enhances  the  trustworthiness  of  the
method among both teachers and students.  Meanwhile,  FairCD [83]
addresses fairness concerns to ensure that assessments are not biased
by  sensitive  attributes,  thereby  fostering  educational  equity  and
enhancing learning motivation among disadvantaged student groups.
Furthermore,  recent  models  that  incorporate affective factors  extend
beyond  diagnosing  what  students  know  to  understanding  how  they
feel, paving the way for genuinely individualized and affect-sensitive
learning environments [84].
In  summary,  although current  research remains largely dominated

by data-driven paradigms, practical educational applications demand
equal  attention  to  feasibility,  transparency,  and  interpretability.
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Future  work  should  focus  on  improving  the  interpretability  of  deep
learning  models,  mitigating  data  sparsity,  and  ensuring  the  fairness
and  robustness  of  cognitive  diagnoses.  Furthermore,  the  deeper
integration  of  domain  knowledge  and  educational  theories,  the
application of causal inference for informed decision-making, and the
development  of  adaptive  models  capable  of  generalizing  across
diverse  learning  environments  will  be  essential  to  advancing  the
field.

 4.1.2  Student performance prediction (Cognitive)
Grounded  in  constructivism  and  cognitive  psychology,  cognitive
student  performance  prediction  models  conceptualize  learning as  an
active  process  of  information  acquisition,  organization,  and  schema
adaptation. Within this theoretical framework, student performance is
not  merely  a  behavioral  outcome  but  a  reflection  of  underlying
cognitive  processes  such  as  attention,  memory,  and  comprehension.
Consequently,  predictive  models  aim  to  infer  latent  cognitive  states
from observable learning interactions, aligning model representations
with the cognitive mechanisms articulated in these theories.  Student
Performance  Prediction  (SPP)  has  received  considerable  attention
due to its critical role in educational research and practice. Accurate
performance  prediction  enhances  learning  outcomes  by  tailoring
instructional  strategies  to  individual  needs,  addressing  weaknesses,
and  fostering  potential  abilities.  Moreover,  these  predictions  enable
early identification of  at-risk students,  allowing timely interventions
to  prevent  dropouts.  Building  upon  a  comprehensive  literature
review,  existing  SPP  studies  can  be  broadly  categorized  into  two
dimensions:  cognitive  [86,87]  and  non-cognitive  [94–96].  This
review  systematically  examines  related  studies  from  these  two
dimensions,  providing  a  detailed  analysis  of  representative  work
within  each  category.  This  section  focuses  on  cognitive  modeling
approaches,  which  aim  to  capture  students’  knowledge  states  and
cognitive  processes  through  the  analysis  of  assessment  results,
exercise  interaction  data,  and  learning  trajectories.  Non-cognitive
modeling  approaches,  which  account  for  behavioral  and  emotional
factors, are discussed in detail in Section 4.2.4.
Cognitive modeling leverages CDMs to estimate students’ mastery

of  various  knowledge  components,  enabling  the  prediction  of  their
future academic performance. A significant advancement in this area
is the PCDF model [85], which enhances CDMs by incorporating the
Cumulative  Category  Response  Function  (CCRF)  to  process
multistage  rating  data,  improving  compatibility  with  binary  CDMs
while  preserving  interpretability.  Building  on  this,  GLNC  [86]
integrates  cognitive  diagnosis  and  knowledge  tracing,  adaptively
combining  local  (current  state)  and  global  (learning  trajectory)
information  for  improved  performance  prediction.  This  fusion
approach provides a new way of thinking about student performance
prediction.  Similarly,  Ma  et  al.  [45]  introduced  the  innovative
concept  of  the  Neutral  Set  (NS),  which  combines  cognitive
diagnostics,  NS similarity  measures,  and collaborative filtering with
probability  matrix  decomposition.  This  method  comprehensively
assesses  students’  cognitive  states  from  three  dimensions,  enabling
accurate  prediction  of  future  test  scores  in  personalized  e-learning
environments.  While  these  models  significantly  advance  cognitive

modeling,  they  primarily  focus  on  students’  ability  levels  and
overlook the influence of other factors. To address this limitation, the
MvRCF  model  [87]  introduces  a  compensatory  mechanism  that
integrates  the  student’s  ability  profile  and  effort  profile  to  further
enhance the comprehensiveness of the prediction.
In summary, cognitive modeling approaches have achieved a more

comprehensive  understanding  of  student  performance  and  have
significantly  advanced  the  field  of  student  performance  prediction.
Beyond  algorithmic  progress,  these  methods  hold  profound
educational  significance.  Accurate  performance  prediction  enables
the  early  identification  of  learning  difficulties,  facilitating  timely
feedback  and  targeted  interventions  that  sustain  engagement  and
confidence [97].  Adaptive models that dynamically update students’
ability  profiles  can  further  enhance  motivation  by  offering
personalized  and  attainable  learning  trajectories.  Moreover,
incorporating  cognitive  and  emotional  cues  from  multimodal  data
fosters more supportive and responsive learning experiences [98]. In
the  long  term,  precise  and  adaptive  prediction  establishes  the
foundation  for  continuous,  individualized  learning  cycles  within
students’  ZPD.  Future  research  should  therefore  not  only  pursue
methodological  innovation  but  also  emphasize  how  predictive
models  can  be  better  integrated  into  teaching  practice  to  promote
equity, sustained motivation, and long-term learning success.

 4.2  Non-cognitive modeling
Non-cognitive  modeling  aims  to  predict  or  optimize  students’
learning  behaviors,  academic  performance,  and  overall  learning
experience  by  systematically  collecting,  analyzing,  and  modeling
various data generated throughout the learning process. This type of
modeling  focuses  on  factors  such  as  learning  styles,  emotions,
motivation, and behavioral patterns,  which play a crucial  role in the
learning  process.  Unlike  traditional  cognitive  modeling,  which
primarily  focuses  on  students’  knowledge  mastery  and  cognitive
abilities,  non-cognitive  modeling  emphasizes  exploring  non-
intellectual  factors  that  influence  the  learning  process.  It  deepens
understanding through a detailed analysis of students’ learning states
and quantitative analysis of the learning process. This study provides
a  comprehensive  exploration  of  four  main  aspects  of  non-cognitive
modeling:  learning  styles  analysis,  student  sentiment  analysis,
student behavior analysis, and student performance prediction.

 4.2.1  Learning style analysis
Learning  style  analysis  systematically  examines  and  categorizes
learning  styles  to  gain  deeper  insights  into  individual  learner
differences.  A  systematic  analysis  of  learning  styles  enables
personalized  learning  systems  to  precisely  adjust  teaching  methods
and  provide  customized  resources,  thereby  enhancing  knowledge
mastery and learning efficiency. Building on this insight, the system
can  personalize  teaching  strategies  and  content  based  on  learners’
cognitive preferences and learning tendencies,  ultimately optimizing
the learning experience.
Early  reviews  primarily  focused  on  the  diversity  of  learning  style

theories  and  the  reliability  and  validity  of  their  measurement
instruments  [120,121].  More  recent  reviews  have  shifted  toward
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data-analytic  perspectives,  highlighting  the  potential  of  data-driven
methods  for  learning  style  identification  [122].  Existing  studies
typically  analyze  learning  styles  by  mapping  learners’  behaviors,
preferences,  or  cognitive  characteristics  onto  predefined  theoretical
frameworks.  Accordingly,  the  present  study  adopts  a  classification
framework  grounded  in  learning  style  theories  themselves,
emphasizing  the  applicability  of  different  theoretical  models  within
adaptive learning contexts.  This perspective places greater emphasis
on the  adaptability  and application  trends  of  different  learning  style
theories  in  model  construction  and  personalized  design,  rather  than
being  limited  to  validity  verification  or  data  method  analysis.  As
shown  in  Fig. 7,  to  systematically  synthesize  the  literature,  studies
are  categorized  according  to  the  learning  style  theories  they  adopt.
The  Felder-Silverman  Learning  Style  Model  (FSLSM)  is  the  most
widely  used,  followed  by  the  VARK  model  [114],  known  for  its
simplicity.  Although  Gardner’s  Multiple  Intelligences  (MI)  Theory
and Kolb’s Learning Style Model are less frequently applied, they are
still  explored  in  some  studies  and  are  therefore  included  in  this
discussion.  We detail  the  research  work  based  on  different  learning
style  theories  in  the  following  section,  with  Table  S2  summarizing
their core characteristics for reference.

1) FSLSM  Traditional  learning  style  assessment  relied  on
questionnaires, but their static nature and potential errors have
driven  a  shift  toward  machine  learning  and  data  mining
techniques.  Early  studies  focused  on  fusing  clustering
techniques and machine learning to  infer  learning styles.  For
instance,  mining  techniques  paired  with  the  K-means
algorithm  captured  learner  behaviors  [103],  while  an
enhanced  K-means  method,  revising  centroids  via  learning
style  vectors,  was  designed  for  more  effective  style
determination [105].
Building  on  these  foundational  approaches,  subsequent
research  has  expanded  the  application  of  machine  learning
(ML) techniques to learning style classification. Studies such
as  [102,106,117]  employed  data  mining  methods  in
conjunction with classical classification algorithms, including
Decision Tree (DT), Random Forest (RF), Naïve Bayes (NB),
and  Support  Vector  Machine  (SVM),  to  automate  the
identification  of  individual  learning  styles.  Deep  learning
(DL)  methods  have  also  been  explored  in  this  context.  For
instance,  Anantharaman  et  al.  [99]  integrated  Convolutional
Neural  Networks (CNNs),  Random Forests,  and Long Short-
Term  Memory  (LSTM)  networks  for  learning  style
recognition. Additionally, Kolekar et al. [108] used the Fuzzy
Mean  algorithm  for  FSLSM  clustering  and  presents  the

Gravitational Search-Based Backpropagation Neural Network
for classification.
Recent  studies  have  enhanced  FSLSM-based  learning  style
analysis  with  dynamic  and  adaptive  approaches.  Muhammad
et  al.  [111]  employed  a  bipartite  graph  with  LSTM
autoencoders  and  K-means  clustering  to  capture  evolving
student-resource interactions. In MOOCs, Jebbari et al. [112]
leveraged  machine  learning  models,  including  neural
networks and RF, for large-scale learning style classification.
Ayyoub et al. [113] introduced a semi-supervised self-training
SVM  that  iteratively  expands  its  labeled  dataset,  improving
classification under data scarcity. Beyond mere classification,
the effectiveness of FSLSM-based instructional adaptations in
improving learning outcomes has been evaluated [110].

2)  VARK  In  the  literature,  Kuttattu  et  al.  [114]  employed  K-
means,  SVM,  and  DT  methods  to  correlate  learning  styles
with VARK styles. The approach utilizes SVM for individual
learning  style  predictions  and  decision  trees  for  predicting
combinations of learning styles. Nguyen et al. [115] extended
this work by integrating machine-learning-based VARK style
recognition  as  an  automated  plugin  into  Moodle  and
generating  responsive,  personalized  learning  paths  from
predicted learning styles. Abomelha et al. [116] developed an
adaptive e-learning system that classifies students via VARK
questionnaires  and  uses  predictive  analytics  to  recommend
personalized learning resources.

3)  MI  theory  Research  that  integrates  Multiple  Intelligences
Theory  into  learning  style  modeling  remains  limited.  A
notable  study  addresses  this  gap  by  proposing  a  neural
network to identify learning styles based on both the FSLSM
and MI Theory [117].  The study reveals that  the accuracy of
the  approach  varies  across  different  dimensions  of  the
combined theoretical framework.

4) Kolb The SRGSML [118], a two-layer ensemble model for the
recognition  of  Kolb  learning  style  that  uses  resampling  and
hybrid  labeling  (rule-based  classification  +  K-means)  to
address  class  imbalance  and  subjective  bias.  Hidalgo  et  al.
[119] mapped Kolb’s learning styles to software development
roles, highlighting their relevance in engineering education.

Learning  style  analysis  is  a  critical  component  of  personalized
learning  and  has  received  increasing  attention  in  recent  research.
Machine learning and deep learning have significantly enhanced the
precision  and  scalability  of  learning  style  identification,  while
dynamic  and  semi-supervised  approaches  have  improved  model
adaptability  in  evolving  learning  contexts.  Beyond  these
methodological  advances,  the  educational  implications  are
substantial.  For  example,  adaptive  models  that  capture  evolving
styles  ensure  the  learning  experience  remains  aligned  with  the
learner’s developing profile, which is crucial for sustaining long-term
engagement  [111].  By  identifying  and  responding  to  individual
preferences,  such  as  providing  infographics  for  visual  learners  and
designing  interactive  simulations  for  kinesthetic  learners,  we  can
create more intuitive learning environments. In a quasi-experimental

 

 
Fig. 7    Classification of studies on learning style analysis
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study  of  an  adaptive  e-learning  system,  the  experimental  group
exhibited  significantly  higher  levels  of  engagement  across
behavioral,  cognitive,  and  affective  dimensions  than  the  control
group  [123].  In  the  long  term,  effective  learning  style  analysis  is
profoundly  significant  for  cultivating  self-directed  learning
capabilities.  When  learners  consistently  engage  with  materials
tailored to their  unique traits,  they not only grasp complex concepts
more readily but also develop metacognitive awareness of their own
learning  processes.  Systematic  reviews  corroborate  that
responsiveness  to  learning-style  differences  enhances  both  system
adaptability  and  the  overall  user  experience  [124].  Ultimately,
aligning  instructional  strategies  with  students’  preferred  learning
patterns transforms the long-standing ideal of teaching in accordance
with individual aptitude into evidence-based practice.
Despite these advances and the broad application prospects, certain

challenges  remain.  Many  studies  assume  that  learning  styles  are
static,  overlooking  their  potential  evolution  over  time  due  to
contextual  and  experiential  factors.  While  machine  learning  has
enhanced  classification  accuracy,  most  studies  focus  on  testing,
comparing,  or  combining  existing  models  rather  than  developing
fundamentally novel approaches. Moreover, research often prioritizes
algorithmic  improvements  over  theoretical  rigor  and  lacks
interdisciplinary  perspectives  and  age-diverse  samples.  Future
research  should  focus  on  developing  more  comprehensive  learning
style  prediction  models  by  integrating  contextual  factors  and
reinforcing  theoretical  foundations,  thereby  enhancing  the  validity
and  applicability  of  learning  style  analysis  in  personalized  learning
environments.

 4.2.2  Student sentiment analysis
As  an  essential  component  of  non-cognitive  modeling,  sentiment
analysis captures and interprets learners’ emotional states, providing
crucial  insights  for  precisely  adjusting  instructional  strategies  and
optimizing learning experiences. Sentimental factors such as interest,
motivation,  and  frustration  significantly  influence  learners’  learning
processes  and  outcomes.  This  section  systematically  reviews  27
relevant  studies  (as  shown  in  Fig. 8)  and  introduces  a  dual-
dimensional  classification  framework  encompassing  both
technological  approaches  and  application  domains.  The  technical
dimension  builds  upon  prior  reviews  [152]  by  grouping  studies

according to their underlying computational paradigms, ranging from
traditional  machine  learning  techniques  to  recent  deep
learning–based sentiment recognition approaches, thus ensuring both
technological  progression  and  methodological  continuity.  The
application  dimension  categorizes  studies  by  their  pedagogical
contexts, such as classroom interaction and online learning, aligning
emotional modeling techniques with their educational functions. The
aim is to establish a comprehensive research framework to reveal the
latest  advancements  and  future  directions  in  the  field  of  sentiment
analysis.
Table S3 shows a list of studies related to sentiment analysis. The

following is a detailed description of the research work in this table.
1) Technical  methodology We  have  broken  down  the  references

in  this  section  into  three  main  categories:  traditional  machine
learning  methods,  deep  learning  methods,  and  studies  combining
deep learning with other techniques.

●  Traditional  machine  learning.  Traditional  machine  learning
methods  have  been  widely  applied  in  sentiment  analysis
[125–131].  These  studies  employ  various  supervised
algorithms,  including  SVM,  NB,  logistic  regression,  and  RF
[125,126], often integrating them with multifactor analytics to
achieve a comprehensive understanding of student sentiment.
Technical approaches have included integrating NB and SVM
with  Hadoop  to  improve  processing  efficiency  [128],  and
employing particle swarm optimization for feature selection to
enhance  emotion  recognition  accuracy  [129].  Furthermore,
the  analysis  of  qualitative  student  feedback  has  utilized
multiple  classifiers,  including  NB,  SVM,  J48  decision  trees,
and  RF,  to  predict  classroom  labels  and  inform  educational
strategies  [131].  Collectively,  these  studies  highlight  the
effectiveness  and  versatility  of  traditional  machine  learning
methods  in  student  sentiment  analysis,  showcasing  their
potential  to  provide  deeper  insights  into  educational
experiences.

●  Deep  learning.  In  recent  years,  deep  learning  methods  have
been widely used in student sentiment analysis [133–136,139]
by  employing  CNN  [132,135],  LSTM  and  its  variants
[134,137,139],  and  Bidirectional  Encoder  Representation
from  Transformers  (BERT)  [133]  and  other  models,  which

 

 
Fig. 8    Classification of student sentiment analysis
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effectively enhance the accuracy and robustness of sentiment
analysis.  For  example,  Yu  et  al.  [135]  combined  SVM with
CNN to recognize the sentiment information in students’ self-
evaluations,  thus  improving  the  accuracy  of  students’
performance  prediction.  The  LSTM  model  and  its  variants
perform  well  in  sentiment  polarity  determination  and  deep-
level  feature  extraction,  which  effectively  alleviates  the
uncertainty  problem  in  sentiment  analysis  [134,139].  In
particular, Shaik et al. [137] used a Bi-directional Long Short-
Term Memory (Bi-LSTM) deep learning model to construct a
multi-label  classification  system  for  the  higher  education
domain  to  assist  in  educational  decision-making  and  course
optimization.

● Hybrid and advanced techniques. Beyond traditional and deep
learning  methods,  hybrid  models  and  advanced  techniques
have  been  explored  to  improve  sentiment  analysis  accuracy.
This includes integrating deep learning with Bayesian Neural
Networks [139], capsule networks, and attention mechanisms
[138].  Models  like  BERT-LSTM-CNN  leverage  multiple
architectures  for  improved  performance  [141].  Ashwin  et  al.
[142]  addressed  bias  in  sentiment  analysis  by  combining  the
High-Speed  Sentiment  Recognition  Library  (HSEmotion)
with Multi-task Cascaded Convolutional Networks (MTCNN)
to  promote  equitable  educational  practices.  In  addition,
Shaikh  et  al.  [143]  investigated  Large  Language  Model
(LLM) applications in sentiment analysis, using ChatGPT-3.5
to  directly  generate  category  labels  and  comparing  its
performance  with  LSTM-  and  Transformer-based  models.
Their  findings  highlighted  LLMs’  considerable  potential  to
boost  the  accuracy  and  efficiency  of  student  sentiment
analysis.  Other  studies  explored  the  combination  of  multiple
techniques  [139,140,144]  and  the  use  of  BERT-based  fusion
models  to  capture  contextual  nuances  and  elevate  prediction
accuracy  [133,138].  These  innovations  underscore  the  value
of  advanced  integration  strategies  for  optimizing  sentiment
analysis algorithms.

Categorizing  existing  studies  by  research  methodology  reveals  the
relative strengths of each technological approach: traditional machine
learning serves as the foundational baseline, deep learning enhances
the  modeling  of  complex  sentiment  patterns,  and  the  integration  of
advanced  techniques  further  improves  the  overall  performance  of
sentiment analysis algorithms.
2) Application  domain  A  review  of  existing  literature  reveals  a

prominent  focus  on  applying  sentiment  analysis  in  educational
settings,  reflecting  the  diversity  of  learning  environments  and
instructional  methods.  These  studies  primarily  explore  its  usage  in
conventional educational environments and MOOCs/Online learning.

●  Traditional  educational  environments.  Within  this  context,
sentiment  analysis  is  applied  to  various  multi-channel  data
sources,  including  course  information  [134,135,146],  tweets
[148],  forums,  and  teacher  evaluation  websites  [145].
Sentiment  analysis  methods  for  teaching  evaluation  examine

teaching  process  feedback,  providing  valuable  guidance  to
optimize  teaching  methodologies  [131,146,147].  In  social
media,  Tubishat et  al.  [148] explored ChatGPT’s educational
applications,  using  a  tweet  sentiment  analysis  model  to
identify dominant sentiments and opinions toward ChatGPT.

∃

● MOOCs/Online  learning.  The  evolving  landscape  of  learning
styles  has  led  to  an  increased  focus  on  sentiment  analysis  in
online  learning  environments  [126,132,133,140,150].  These
studies  leverage  user-generated  data  to  identify  factors
influencing  learner  satisfaction  and  evaluate  overall
perceptions  of  MOOCs  [126,132,133,141,151]. For  instance,
forum  activities  provide  insights  into  learners’  social,
emotional, and skills (3S) dimensions, as demonstrated by the
3S  learning  analytics  approach  proposed  in  [149],  which
introduces  the  visualization  tool  LAT S  for  sentiment
analysis  through  forum  comments  extraction.  Natural
Language  Processing  (NLP)  and  sentiment  analysis
techniques have been applied to Coursera reviews to explore
key factors influencing MOOC success [150].

A  comprehensive  review  of  the  existing  literature  on  student
sentiment analysis reveals a clear evolution from traditional machine
learning  to  deep  learning  and  hybrid  approaches,  greatly  improving
the  ability  to  capture  complex  affective  patterns.  These  technical
advancements  enhance  not  only  analytical  accuracy  and  scalability
but  also  hold  profound  implications  for  educational  practice.  By
automatically  detecting  student  emotions  (such  as  confusion,
frustration,  or  interest)  from  forum  posts  or  feedback  texts,  these
systems  facilitate  a  shift  away  from  a  one-size-fits-all  approach
toward  a  more  responsive,  student-centered  paradigm.  For  instance,
when widespread confusion is detected in MOOC discussion forums,
instructors can intervene promptly with targeted clarifications [142],
thereby sustaining engagement and preventing learner dropout. In the
long  term,  integrating  affective  insights  into  personalized  learning
systems facilitates  the  early  identification of  and proactive  response
to  negative  states  such  as  anxiety  and  burnout  [142].  For  example,
systems  can  provide  personalized  encouragement  or  adapt  task
difficulty,  thereby  helping  students  navigate  learning  challenges
while  maintaining  their  self-efficacy.  Notwithstanding  the
noteworthy  advancements,  several  challenges  persist,  including  the
reliance  on  manual  annotation  for  sentiment  labels,  the  inadequate
exploration of domain generalization, and the challenges in managing
unstructured  text  complexities.  Future  research  endeavors  should
prioritize  the  development  of  adaptive  and  generalized  sentiment
analysis  models,  the  incorporation  of  unsupervised  or  weakly
supervised learning, and the exploration of affective dynamics across
diverse educational contexts.

 4.2.3  Student behavior analysis
Rooted  in  Behaviorist  Theory,  student  behavior  analysis
conceptualizes  learning  as  a  process  shaped  by  external  stimuli,
responses,  and  reinforcement.  This  perspective  emphasizes
observable actions over internal cognition, suggesting that consistent
behavioral  patterns,  such  as  participation  frequency,  interaction
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intensity,  and  response  timing,  can  serve  as  reliable  indicators  of
engagement  and  learning  outcomes.  In  personalized  learning,  these
principles  underpin  the  design  of  feedback  and  reinforcement
mechanisms,  enabling  adaptive  systems  to  monitor,  interpret,  and
guide  student  behaviors  through  data-driven  strategies.  Behavioral
engagement  is  thus  recognized  as  a  key  indicator  of  student
participation  and  attention,  directly  influencing  academic
performance  [168].  As  a  critical  component  of  non-cognitive
modeling, student behavior analysis supports performance prediction
and  personalized  recommendations.  By  analyzing  behavioral  data
(e.g., online activities, learning history, and interaction patterns), this
approach  provides  real-time  feedback,  dynamically  optimizes
models, and enhances instructional design and resource allocation to
foster  personalized  learning  experiences.  As  shown  in  Fig. 9,  we
systematically categorized the literature into four categories based on
the  analytical  methods  employed:  clustering  algorithms,  association
rule mining, machine learning, and integrated studies. This taxonomy
builds  upon  prior  reviews  in  educational  data  mining,  which
commonly  organize  studies  by  analytical  techniques  [169].  This
classification  helps  to  sort  out  the  characteristics  and  application
scenarios of different research methods more clearly, thus providing
a  structured  framework  for  subsequent  literature  analysis.  The
relevant research work is summarized in Table S4.
1) Clustering  algorithm Clustering  algorithms  have  been  widely

used to analyze student behavior and uncover learning patterns. Shen
et al. [156] applied K-means to categorize behaviors into study, life,
and  Internet  usage,  while  Li  et  al.  [155]  combined  Density-Based
Spatial  Clustering  of  Applications  with  Noise  (DBSCAN)  and  K-
means to explore the link between behavior and Grade Point Average
(GPA),  improving  clustering  accuracy.  Complementing  these
findings, Delgado et al. [154] adopted a Self-Organizing Map (SOM)
to  capture  diverse  behavioral  patterns  at  the  Universidad
Internacional de La Rioja (UNIR). By considering SOM distances in
two  phases,  their  method  offers  a  more  granular  depiction  of
students’  online  learning  activities.  Recent  research  extends  the
underlying clustering algorithm by using Latent Dirichlet Allocation
(LDA)  to  mine  the  learning  preferences  and  underlying  logical
relationships  of  student  groups  [157].  It  is  also  shown  that  the
introduction of the LDA model can efficiently extract keywords and
fuzzy  identify  student  groups  at  different  levels,  providing  valuable
insights for personalized instructional design.
2) Association  rule  mining This  technique  is  commonly  used  to

discover  correlations  among  various  aspects  of  student  behavior,
offering  insights  into  learning  influences  and  outcomes.  In  typical

work,  a  four-layer  association  architecture  paired  with  a  three-step
mining  process  has  been  proposed,  covering  stages  from  data
preprocessing  to  knowledge  acquisition  [158].  Similarly,  the  Eclat
association rule algorithm integrated with a clustering algorithm has
been employed to scrutinize associations among diverse student data
categories  sourced  from  information  centers  and  grades,  thereby
elucidating  the  primary  factors  influencing  academic  performance
[153].
3) Machine  learning Machine  learning  is  widely  used  in  student

behavior  analysis,  with  classifiers  detecting  key patterns  [156 ,161].
Enhancing accuracy, Chen et al. [159] integrated forest optimization
with  NB,  DT,  and  RF  in  a  blended  learning  model.  Li  et  al.  [160]
integrated  neural  networks,  NB,  and  DT  algorithms  using  a  Spark-
based  platform,  showcasing  the  scalability  and  real-time  processing
capabilities  of  distributed  computing.  Although  these  traditional
machine  learning  approaches  effectively  identify  behavior  patterns,
they often overlook the temporal dynamics of learning processes. To
address  this,  recent  studies  have  explored  dynamic  behavioral
modeling  to  capture  temporal  learning  patterns.  For  example,
Villalobos et al. [162] used sequence analysis and temporal dynamics
metrics  to  characterize  individual  learning  behaviors  in  Blended
Learning  (BL)  environments.  By  applying  Inverse  Probability
Weighting  (IPW),  the  study  also  evaluates  the  causal  impact  of
learning  dashboards  on  student  behavior  and  achievement,  offering
new insights into personalized interventions.
4) Integrated study Integrated studies combine multiple analytical

methods to provide a more comprehensive understanding of  student
behavior.  Early  implementations  in  big  data  environments  utilized
frameworks  like  Hadoop  MapReduce  alongside  statistical  and
association  rule  techniques  for  in-depth  analysis  [164].  More
recently,  the  rise  of  Large  Language  Models  (LLMs)  has  enabled
new  integrative  frameworks.  For  instance,  end-to-end  approaches
have  been  proposed  that  integrate  temporal  motion  detection  with
LLMs  to  analyze  classroom  videos  and  automatically  generate
detailed behavior  reports  [167].  Such work exemplifies  the growing
influence of LLMs in augmenting AI-assisted educational assessment
through  the  detailed  capture  and  interpretation  of  behavioral
sequences.

 4.2.4  Student performance prediction (Non-Cognitive)
Student behavior analysis employs clustering algorithms, association
rule  mining,  machine  learning,  and  integrated  studies  to  gain
comprehensive insights  into learning patterns.  Clustering algorithms
identify commonalities and disparities, while association rule mining
uncovers  connections  between  behavior  and  academic  achievement.
Machine learning methods enhance prediction accuracy and identify
complex  patterns.  Comprehensive  research  combining  multiple
approaches  and  the  utilization  of  LLMs  has  come  to  the  fore  in
learning  analytics,  providing  richer  educational  assessments.
However,  although current research integrates machine learning and
other  techniques  for  student  behavior  analysis,  it  predominantly
emphasizes data analysis without effectively translating findings into
actionable insights. Additionally, limited integration of psychological
and  educational  theories,  inadequate  use  of  multimodal  data,  and

 

 
Fig. 9    Classification of student behavior analysis
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shallow  exploration  of  social  factors  constrain  the  depth  of  these
studies.  Furthermore,  most  experiments  rely  on  proprietary  datasets
that  are  not  publicly  accessible  due  to  privacy  concerns,  hindering
reproducibility and slowing the field’s advancement.
The  detailed  methodology  of  cognitive  modeling  is  presented  in

Subsection  4.1.2.  This  section  shifts  the  focus  to  non-cognitive
modeling  in  student  performance  prediction,  which  explores  the
influence of behavioral factors, such as internet usage and study time,
on  academic  outcomes.  These  factors,  closely  tied  to  students’
learning habits, engagement, and external environments, capture non-
cognitive  influences  beyond  traditional  knowledge  assessments
[95,175,177].  Unlike  cognitive  modeling,  which  estimates
knowledge  states,  non-cognitive  approaches  primarily  employ  data-
driven machine learning techniques to predict academic performance
rather  than  infer  knowledge  mastery.  By  integrating  these  factors,
non-cognitive  modeling  offers  insights  into  their  underlying
influence  on  academic  success  [172].  Such  studies  provide  new
perspectives  and  a  theoretical  basis  for  the  design  of  personalized
interventions and learning support systems. In order to systematically
review  the  existing  work,  we  summarize  the  techniques,  datasets,
evaluation metrics, etc. of the existing work in Table S5. Building on
established review frameworks,  in  Educational  Data  Mining (EDM)
and  Learning  Analytics  (LA)  [91,169],  this  study  classifies  existing
literature into our methodological categories, as illustrated in Fig. 10:
machine  learning-based  models,  ensemble  learning-based  models,
deep  learning-based  models,  and  other  predictive  models.  This
framework  encapsulates  the  methodological  evolution  of  student
performance  prediction,  from  traditional  machine  learning  to
ensemble and deep learning approaches, consistent with the method-
oriented  classification  schemes  adopted  in  recent  reviews,  while
offering  a  finer  distinction  between  ensemble  and  deep  learning
paradigms.
1) Machine  learning  based  models  In  student  performance

prediction,  many  studies  directly  apply  traditional  machine  learning
algorithms,  such  as  DT,  RF,  SVM,  NB,  and  logistic  regression,  to
compare  their  predictive  effectiveness  [95–97,171],  or  integrate
multiple  machine  learning  methods  [174].  These  approaches
primarily focus on evaluating the accuracy and efficiency of various
classifiers  without  extensive  model  customization  or  adaptation  to
educational  contexts.  Additionally,  some  studies  explore  alternative
strategies  to  enhance  prediction  reliability.  A  common  approach
involves  utilizing  the  K-means  algorithm  to  cluster  student
performance.  The  predictive  validity  of  this  method  is  often
optimized by determining the k-value through objective quantitative

analysis  [170].  These  methods  provide  baseline  evaluations  of
machine  learning  models  in  educational  settings  but  lack  advanced
optimization tailored to the unique characteristics of student learning
data.
2) Ensemble  learning-based  models  Literature  in  this  category

leverages  ensemble  learning  methods  to  improve  the  accuracy  of
student performance predictions. For example, the Student Academic
Performance  Predicting  (SAPP)  system  [177],  the  Categorical
Boosting  (CatBoost)  model  [94,176,179],  and  applications  using
ensemble learning techniques [175,178,180]. The SAPP system [177]
integrates a 4-layer LSTM network, RF, and Gradient Boosting (GB)
within  an  ensemble  learning  framework  for  academic  performance
prediction.  CatBoost  [176]  enhances  model  transparency  and
accuracy by categorizing reasons for improved performance into low,
medium,  and  high  levels.  Building  on  this,  C-CatBoost  [179]
introduces  a  residual  error  model  to  address  prediction  inaccuracies
by  supplementing  the  base  model’s  outputs,  effectively  capturing
complex data relationships. Similarly, the Feature Importance-Based
Multi-Layer  CatBoost  (DCatBoostF)  [94]  improves  accuracy  by
progressively  introducing  features  ranked  by  importance  using  RF.
Xu et al. [178] proposed a stepwise prediction algorithm, integrating
learning  techniques  in  a  two-layer  structure.  In  contrast,  the
Performance Factors Analysis (PFA) method employs RF, AdaBoost,
and XGBoost  to  model  learners  in  an  e-learning system,  effectively
improving performance prediction accuracy [175].
3) Deep  learning  based  models  Deep  learning  techniques  have

been widely used in educational data analytics in recent years due to
their  superior  ability  to  capture  complex  data  patterns.  This  section
systematically reviews deep learning models, including Deep Neural
Networks  (DNNs)  [181],  Hypergraph  Neural  Networks  (HGNN)
[183],  and  other  variants  [182],  for  modeling  student  learning
behaviors  and  predicting  academic  performance.  Giannakas  et  al.
[181] introduced a binary classification deep neural network with two
hidden layers, emphasizing deep learning’s crucial role in predicting
team  performance.  FD-HGNN  [183]  integrates  a  dual  hypergraph
neural  network  with  different  channels  for  low-pass  and  high-pass
components and incorporates an attention mechanism for multi-layer
feature learning and complex relationship modeling.
4)  Others  models  The  rise  of  LLMs  in  AI  has  created  new

opportunities  to  enhance  student  performance  prediction  through
better  semantic  understanding  and  contextualization.  These
approaches  leverage  the  powerful  representation  capabilities  of
LLMs to address complex educational challenges, such as cold-start
problems  and  multimodal  data  integration.  For  example,  LmgMF
[184] addresses the cold-start problem by leveraging a large language
model  (GPT-J  and Llama 2)  as  a  multimodal  information integrator
to  generate  semantically  rich  embedding  vectors,  which  are  then
combined  with  matrix  factorization  for  enhanced  semantic
embedding and prediction. Ni et al. [185] integrated LLM-generated
semantic embeddings with Signed Graph Neural Networks (SGNNs)
to  model  student  response  accuracy  and  enhance  noise  robustness.
Combining  the  contextual  embedding  capabilities  of  LLMs  with
graph-based structural learning effectively addresses cold-start issues
and improves predictive accuracy.

 

 
Fig. 10    Classification of student performance prediction (non-cognitive)
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Non-cognitive  modeling  has  emerged  as  a  crucial  complement  to
cognitive  approaches  in  student  performance  prediction,  providing
deeper insights into the influence of behavioral, emotional, and social
factors  on  academic  outcomes.  While  traditional  machine  learning
and  ensemble  techniques  have  established  solid  baselines,  deep
learning  has  markedly  enhanced  the  ability  to  capture  complex
behavioral  patterns,  and  LLMs  have  further  expanded  semantic
understanding  and  contextual  reasoning.  Despite  these
advancements,  persistent  challenges  include  data  imbalance,  limited
model  interpretability,  and  the  nascent  integration  of  BERT-  and
LLM-based  architectures.  Beyond  algorithmic  optimization,  non-
cognitive  modeling  carries  profound  implications  for  educational
practice. Predictive models can identify students at risk of academic
difficulty  at  an  early  stage  by  analyzing  behavioral  data.  For
example,  ensemble-based  systems  like  SAPP  [177]  leverage  multi-
source  data  to  achieve  high-precision  predictions,  thereby  enabling
timely,  data-driven  interventions  that  help  reduce  dropout  rates.
Empirical research on early-warning systems confirms the feasibility
of  detecting  engagement  declines  and  dropout  risks  from  digital
footprints such as interaction logs and submission patterns [186].  In
the  long  term,  incorporating  interpretable  non-cognitive  indicators
into  learning  analytics  dashboards  allows  educators  to  provide
feedback  on  learning  habits,  prompting  students  to  reflect  on  and
refine  their  strategies  [187].  Recent  empirical  analyzes  suggest  that
predictive  models  yield  greater  educational  impact  when  integrated
with pedagogically grounded interventions and longitudinal support,

rather  than  functioning  as  isolated  alert  systems  [188].  The
introduction of LLMs further enhances the semantic understanding of
students’  behavioral  patterns.  Through  these  integrated  approaches,
students can receive personalized guidance that aligns with their non-
cognitive traits,  which not only enhances academic achievement but
also cultivates the self-directed learning skills essential for navigating
future challenges.
Future research should therefore move beyond predictive accuracy

to  explore  how  non-cognitive  insights  can  be  operationalized  into
practical  teaching  interventions.  Key  directions  include  multimodal
data  integration,  algorithmic  optimization,  and  improving  model
adaptability and generalization. Moreover, enhancing interpretability
and transparency remains essential  for  effective deployment  in real-
world  educational  contexts.  Only  by  integrating  computational
modeling with teaching practices can we fully realize the educational
value of predicting noncognitive performance.

 ■ 5  Personalized recommendation
Personalized  learning  recommendations  encompass  optimizing
learning  routes,  courses,  and  exercises  for  individual  students.
Learning  paths  aim  to  minimize  costs  and  achieve  learning  goals,
personalized  course  recommendations  provide  suitable  courses,  and
personalized  exercise  recommendations  target  knowledge  gaps.
Figure 11  illustrates  three  use  cases  of  personalized  learning
recommendations for English proficiency.
Initially,  to  enhance  the  learner’s  writing  skills,  the  system

 

 
Fig. 11    A three-stage personalized learning recommendation framework for English proficiency enhancement
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provides  a  learning  path:  “Vocabulary  →  Grammar  →  Imitation,”
forming  a  comprehensive  personalized  learning  path
recommendation.  Following  this  sequence,  the  system  utilizes  the
knowledge  graph  derived  from  the  student’s  learning  history  to
pinpoint  additional  skills  that  the  student  may  desire  to  cultivate,
such as listening and reading. Consequently, the personalized course
recommendation  algorithm  recommends  advanced  courses
encompassing  aspects  of  vocabulary,  grammar,  listening,  and
reading. Simultaneously, each course incorporates diverse exercises,
and the subsequent personalized exercise recommendation is derived
from  the  user’s  history  of  answer  sequences.  It  suggests  exercises
tailored to  the  current  learning category,  exercise  difficulty,  and the
student’s mastery level.
In  this  study,  personalized  learning  recommendation  systems  are

categorized  into  a  three-dimensional  taxonomy  comprising
personalized  learning  path  recommendation,  personalized  course
recommendation,  and  personalized  exercise  recommendation.  This
classification  schema  is  derived  from  the  hierarchical
recommendation  needs  across  various  learning  stages.  Path
recommendation  involves  holistic  learning  planning  by  analyzing
learning objectives, knowledge graphs, and prerequisite relationships
to devise optimal learning sequences. At the course recommendation
level, appropriate course content is filtered based on learners’ interest
preferences, knowledge mastery levels, and course relevance to assist
in  resource  selection.  Exercise  recommendation  focuses  on  specific
skill  consolidation  by  providing  targeted  practice  problems  through
real-time  knowledge  state  diagnosis  and  forgetting  curve  analysis.
This  hierarchical  framework  not  only  aligns  with  the  pedagogical
logic of “goal-content-practice” but also corresponds to the technical
implementation  pathway  of  educational  data  mining  from  coarse-
grained  to  fine-grained  processing,  thereby  systematically
encompassing the learners’ complete cognitive chain.
Existing  surveys  on  personalized  learning  recommender  systems

have  primarily  organized  the  field  along  technical  methodologies,
input data types, and evaluation dimensions, rather than based on the
specific learning tasks being recommended. For example,  Urdaneta-
Ponte  et  al.  [189]  classified  educational  recommender  systems
according  to  how  recommendations  are  generated,  presented,  and
evaluated,  emphasizing  hybrid  approaches  and  accuracy-centered
assessments.  Similarly, Da Silva et al.  [190] conducted a systematic
review of recommendation methods,  collaborative filtering,  content-
based,  and  hybrid,  across  educational  contexts,  maintaining  a
methodological  and  system-level  orientation.  More  recent  reviews
focusing  on  personalized  learning  structured  the  field  around
algorithmic  pipelines,  including  learner  and  resource  modeling,
dataset  usage,  and  algorithmic  trends,  thereby  reinforcing  an
algorithm-centered  taxonomy  [191,192].  Overall,  these  surveys
mainly focus on “which techniques are used, with which inputs, and
how  accuracy  is  measured,”  while  paying  less  attention  to  the
pedagogical  function  or  granularity  of  the  recommended  learning
entities.  In contrast,  this  paper adopts a  task-oriented taxonomy that
decomposes  personalized  learning  recommendations  into  three
functional  strata，  i.e.,  learning  path  (goal  sequencing  and
prerequisite  planning),  course  (resource  selection  based  on  interests

and  mastery),  and  exercise  (fine-grained  practice  aligned  with
learners’  knowledge  states).  This  “goal→content→practice”
hierarchy  aligns  with  learners’  cognitive  workflows  and  serves  as  a
classification  lens  that  re-indexes  existing  research  according  to  the
recommended  object  and  decision  process  rather  than  algorithmic
family  alone.  Specifically,  our  taxonomy  emphasizes:  (i)  task
granularity  (path  vs.  course  vs.  exercise)  as  the  primary  axis  of
comparison;  and  (ii)  a  technique-to-task  mapping  that  positions
common methods, such as knowledge graphs for structural constraint
modeling,  reinforcement  learning  for  sequencing  decisions,
knowledge tracing for mastery estimation, and large language models
for  semantic  enhancement,  within  their  corresponding  decision
stages.

 5.1  Personalized learning path recommendation
Grounded  in  progressivism  and  constructivism,  the  evolution  of
personalized  learning  path  recommendation  systems  reflects  a
theoretical shift toward learner-centered and knowledge-constructive
paradigms.  Progressivism  advocates  individualized  and  interest-
driven  learning  trajectories,  offering  a  pedagogical  rationale  for
adaptive  path  design.  Meanwhile,  constructivism  emphasizes  that
knowledge  is  actively  constructed  through  interaction  with  learning
contexts,  providing  a  theoretical  foundation  for  dynamic  and
semantically  linked  path  generation  based  on  knowledge  graph
modeling.  Building  on  these  theoretical  underpinnings,  the
development of learning path recommendation systems has exhibited
distinct phase-specific characteristics in both research paradigms and
technical  approaches.  The  initial  phase  relied  predominantly  on
clustering  analysis  and  historical  data  mining  to  establish  basic
recommendation  frameworks  by  identifying  behavioral  patterns
among  similar  learners.  With  the  maturation  of  knowledge  graphs
and reinforcement learning technologies, subsequent research shifted
focus  to  dynamic  competency  modeling  and  semantic  relationship
mining, marking a paradigm transition from static recommendations
to adaptive learning paths. In the most recent phase, the convergence
of  knowledge  graphs  with  deep  reinforcement  learning,  real-time
analytics,  and large language models has propelled the development
of  intelligent  recommendation  systems  featuring  real-time
adaptability  and  explainability.  These  three  stages  collectively
illustrate  the  technological  progression  from  basic  data-driven
methods  to  sophisticated  multitechnology  integration.  As  shown  in
Fig. 12,  we  have  classified  the  relevant  literature  into  three  parts
based  on  the  discussion  aforementioned.  The  technical  approaches,
datasets,  evaluation  metrics,  and  other  elements  of  the  related  work
are summarized in Table S6.

 5.1.1  Classification
1) Clustering  and  historical  data:  early  approaches  to  learning
path  personalization. Early  research  primarily  focused  on  learning
path  recommendations  by  leveraging  clustering  methods  to  identify
similar  learners  based  on  historical  data.  Studies  such  as
[194–196,200]  propose  various  algorithms,  including  an  LSTM
model [194] and personalized paths derived from individual learning
histories  [195,196].  Some  approaches,  like  [196],  further  prioritize
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paths from influential learners for users with similar profiles.
However,  recommendations  based  solely  on  historical  data  lack

sufficient  personalization.  Addressing  learners’  adaptability  and
ability  differences  is  critical,  as  highlighted  by  Mansur  et  al.  [197].
For instance, Vanitha et al. [199] proposed aligning learning content
with  personal  characteristics  through  ant  colony  optimization  and
genetic algorithms to generate more tailored learning paths.
Additionally,  early  studies  incorporated  time constraints  of  online

learning resources into path recommendations [193,198]. While these
methods  focused  on  assessing  similarities  between  learners  or
resources,  their  reliance  on  historical  data  limited  their  ability  to
capture personalized needs, and clustering techniques often struggled
to handle diverse cognitive levels effectively.
2) Knowledge  graphs  and  reinforcement  learning:  dynamic

modeling  for  adaptive  paths.  With  the  rise  of  deep  learning,
personalized  path  recommendation  methods  have  increasingly
leveraged  more  personalized  learner  features,  as  highlighted  in
[197,202].  These  approaches  integrate  individual  learning  needs,
habits,  and  preferences  into  comprehensive  knowledge  graphs
tailored  to  specific  problems.  For  example,  Shi  et  al.  [203]
constructed  multidimensional  knowledge  graphs  to  model  diverse
learning  relationships  for  various  objectives,  while  Liu  et  al.  [201]
addressed  the  challenges  of  low-engaged  users  by  building
interaction networks between courses and learners. Similarly, Sun et
al.  [204]  developed  personalized  knowledge  graphs  with  extensive
English practice questions, aiming to create unique learning paths for
individual learners.
Reinforcement  learning  techniques  further  advance  these  methods

by  integrating  learner  mastery  levels.  For  instance,  cognitive
diagnostic  models  analyze  user  proficiency,  with  hierarchical
reinforcement  learning  refining  mastery-level-based
recommendations [205].
These  methods  are  designed  to  address  the  diverse  and  dynamic

needs of learners by combining knowledge graphs and reinforcement
learning.  However,  despite advancements,  the full  potential  of  these
technologies  in  personalized  learning  path  recommendation  remains
underexplored,  as  clustering-based  methods  continue  to  dominate
much of the research landscape.
3) Integrated intelligent systems: multi-technology convergence

for  real-time  learning  paths.  Recent  research  has  significantly
advanced personalized learning path recommendations by integrating
knowledge  graphs,  deep  reinforcement  learning,  and  other  cutting-
edge  technologies.  Major  advances  include  the  development  of

multidimensional  knowledge  graphs  with  higher-order  relevance
modeling  to  capture  learner  preferences  more  accurately  [209],  as
well as the creation of dedicated knowledge graphs to address diverse
learning needs [199]. Further work has combined temporal and graph
attention  networks  to  model  dynamic  learner-resource  interactions
for  reinforcement  learning  [206].  To  address  the  oversimplification
of  learner  abilities,  graph-based  genetic  algorithms  have  also  been
proposed to optimize feature alignment and generate diverse learning
paths  [210].  These  methods  fully  leverage  the  capabilities  of
knowledge  graphs  and  deep  reinforcement  learning,  incorporating
knowledge-tracking  models  to  account  for  learners’  evolving
proficiency  levels.  For  example,  Frej  et  al.  [211]  enhanced
explainability in MOOC recommendations by using graph reasoning
to generate interpretable path-based explanations. Knowledge graphs
have also been utilized to provide factual context for LLMs, reducing
hallucinations  and  improving  the  precision  of  personalized
explanations  [212].  In  addition,  end-to-end  planning  frameworks
have  been  proposed  that  integrate  prompt  engineering  with  models
like GPT-4 to generate pedagogically grounded and adaptive learning
paths,  demonstrating  improvements  in  accuracy  and  learner
satisfaction [216].  The integration of real-time learning analytics,  as
demonstrated by [215], further refines these methods by dynamically
adjusting  learning  paths  based  on  learner  performance  and
preferences. Meanwhile, Xiao et al. [214] highlighted the importance
of  extracting  logically  coherent  learning  pathways  using  large
language  models,  optimizing  recommendations  by  preserving  the
contextual flow of learners’ enrollment histories.

 5.1.2  Practical implementation challenges
Although  personalized  learning  path  systems  have  evolved  from
clustering-based analytics to LLM-driven adaptive frameworks, their
large-scale deployment still  faces notable practical  challenges.  First,
data fragmentation across learning platforms and repositories hinders
the  creation  of  unified  learner  profiles  essential  for  continuous
adaptation.  Second,  an  alignment  gap  often  exists  between
algorithmic  recommendations  and  curricular  objectives,  raising
concerns  about  pedagogical  validity  and  accountability.  Third,
ensuring real-time adaptivity demands high computational efficiency
and robust system design, which can be difficult  to achieve in large
or  resource-limited  environments.  Finally,  transparency,  ethics,  and
privacy remain critical issues, particularly as LLM-based models rely
on multimodal behavioral data. Addressing these challenges requires
moving beyond algorithmic performance toward system-level design,
emphasizing  interpretable  AI,  data  governance,  and  teacher-in-the-
loop  frameworks  to  ensure  pedagogical  coherence  and  sustainable
integration.

 5.1.3  Educational implications
Personalized  learning  path  systems  are  not  only  technical  solutions
but also pedagogical tools that reshape how learning takes place. By
dynamically  adjusting  the  sequence  and  difficulty  of  learning
materials to match individual progress, these systems create adaptive
environments  that  foster  autonomy  and  sustained  engagement.  For
example,  Ouyang  [217]  revealed  that  AI-driven  adaptive  features

 

 
Fig. 12    Classification  of  studies  on  personalized  learning  path
recommendation
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enhance  educational  quality  through  self-regulated  learning  and
engagement, while Hariyanto et al. [218] found that multimodal and
reinforcement  learning  methods  improve  personalization  and
educational  equity.  Further  supporting  this,  Du  Plooy  et  al.  [219]
confirmed  in  a  higher  education  context  that  adaptive  learning
pathways  correlate  with  higher  academic  performance  and
motivation.  Students  are  thus encouraged to take ownership of  their
trajectories,  linking  effort  with  visible  progress,  which  strengthens
both  motivation  and  self-efficacy.  For  teachers,  this  shift  means
moving  from  delivering  fixed  content  to  guiding  and  supporting
learners  through  individualized  pathways.  From  a  long-term
educational  perspective,  adaptive  path  systems  can  promote
motivation,  independence,  and  continuous  engagement,  making
learning more personal and meaningful rather than purely algorithm-
driven.

 5.2  Personalized course recommendation
Progressivism  and  sociocultural  Theory  provide  the  pedagogical
foundation for personalized course recommendation systems. Rooted
in  learner-centered  and  experiential  learning  principles,
progressivism  informs  adaptive  recommendation  mechanisms  that
dynamically adjust course sequences through reinforcement learning
and  generative  modeling.  Meanwhile,  sociocultural  theory
emphasizes  socially  mediated  knowledge  construction,  supporting
the  use  of  attention-based  knowledge  graphs  that  model  contextual
and  relational  dependencies  among  learning  resources.  Technically,
the development of personalized course recommendation systems has
exhibited  a  clear  phased  evolution  in  research  paradigms  and
methodologies.  The  initial  phase  predominantly  addressed
fundamental  challenges  such  as  data  mining  and  sparsity  issues,
establishing  basic  recommendation  frameworks  through  distributed
computing  and  matrix  factorization  techniques.  With  the  advent  of
knowledge  graphs  and  attention  mechanisms,  the  research  focus
shifted  toward  mining  semantic  course  relationships  and  modeling
dynamic  learner  competencies,  marking  a  paradigm  transition  from
static  to  context-aware  recommendations.  Most  recently,  the  deep
integration  of  knowledge  graphs  with  reinforcement  learning  and
engagement  prediction  technologies  has  propelled  the  field  toward
intelligent and holistic recommendation systems, capable of real-time
adaptation to learners’ evolving needs. As shown in Fig. 13, we have
categorized  the  relevant  literature  into  four  parts  based  on  the
aforementioned  discussion.  The  technical  approaches,  datasets,

evaluation  metrics,  and  other  elements  of  related  works  are
summarized in Table S7.

 5.2.1  Classification
1) Foundations  of  data-driven  recommendations:  mining  large-
scale  patterns  and  addressing  sparsity.  With  the  rise  of  online
learning  platforms  like  MOOCs,  traditional  recommendation
methods  face  challenges  due  to  the  rapid  growth  of  learners  and
course  information.  Initially,  large-scale  pattern  mining  was  tackled
through  distributed  computational  frameworks  and  specialized
algorithms  for  extracting  course  association  rules  [221].
Concurrently,  the  challenge  of  user  heterogeneity  and  sequential
decision-making  led  to  the  proposal  of  methods  like  Hierarchical
Bandits  for  recommending  high-reward  courses  [220].  To  combat
sparsity,  Yang  et  al.  [223]  constructed  learner  and  course  networks
using  the  Hyperlink-Induced  Topic  Search  algorithm  to  extend  the
user’s  rating  matrix.  Beyond  sparsity,  modeling  multi-faceted
learner-course interactions has been a focus. This includes employing
multi-dimensional matrix factorization models to capture the diverse
attributes of courses [222]. Furthermore, to model the dynamic nature
of  learning,  hierarchical  reinforcement  learning  methods  have  been
introduced to determine when and how a learner’s focus should shift
among different interests during the learning process [224].
In  the  initial  stages,  pioneering  efforts  were  made  to  extract

valuable insights from extensive course data, addressing the issue of
interaction sparsity to a certain extent. However, early studies didn’t
consider  the  connections  and  prerequisites  between  courses,  which
are important for personalized course suggestions.
2)  Semantic  and  dynamic  modeling:  knowledge  graphs  and

attention  mechanisms  for  context-aware  recommendations.
Subsequent  research  has  increasingly  focused  on  incorporating
learner preferences and course characteristics into knowledge graphs
to  uncover  semantic  associations  between  courses.  For  instance,
precedence  maps  have  been  developed  by  analyzing  differences  in
learners’  knowledge  backgrounds  to  identify  significant  precedence
relations between concepts and courses [230]. Similarly, graph-based
networks  have  been  proposed  to  evaluate  instructional  quality  by
modeling  multiple  influences  on  learners,  such  as  individual
interests,  peer  interactions,  and  instructor  guidance  [225].  To
overcome  the  limitations  of  traditional  collaborative  filtering  in
capturing  semantic  correlations,  knowledge  graph  representation
learning has been employed to embed course semantics into a unified
vector  space,  enabling  the  calculation  of  semantic  similarity  for
recommendations  [227,229].  Attention  mechanisms  have  also  been
widely  adopted  to  model  correlations  between  courses  more
effectively.  For  example,  course  correlations  have  been  constructed
from  textual  descriptions  using  an  Attention  Manhattan  Siamese
Long  Short-Term  Memory  network  combined  with  an  autoencoder
and  self-attention  mechanisms,  allowing  recommendations  to  be
adaptively  tailored  to  student  preferences  [226].  Furthermore,
researchers  have  investigated  the  dynamic  modeling  of  learners’
proficiency  levels  to  enhance  recommendation  accuracy.  Tian  et  al.
[228]  proposed  a  knowledge  tracking  model  that  updates  learners’
abilities  in  real-time  by  incorporating  multi-dimensional  factors,

 

 
Fig. 13    Classification of studies on personalized course recommendation
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integrating these  estimates  as  attributes  into  a  collaborative  filtering
framework for course recommendations.
Despite  these  advancements,  challenges  remain  in  handling  the

interconnected  nature  of  courses  and  adapting  to  learners’  evolving
abilities  and  skills  in  real  time.  Future  research  must  focus  on
developing  more  robust  methods  to  address  these  limitations  and
further improve the personalization of course recommendations.

3)  Towards  holistic  intelligence:  knowledge  graphs,
reinforcement  learning,  and  engagement  prediction.  Recent
research  has  focused  on  extracting  personalized  information  from
courses  and  learners  and  integrating  it  into  knowledge  graphs  to
model complex relationships. For instance, Jung et al. [233] created a
hierarchical  map  of  learners  and  courses  using  MOOC  data  and
external  knowledge,  while  Ban  et  al.  [231]  built  a  course  sequence
diagram  across  learners,  analyzing  web-learning  course
representations  through  a  graph  structure.  To  more  deeply  model
learning processes and relationships, a Collaborative Sequence Graph
constructed  with  Graph  Convolutional  Network  (GCN)  layers  has
been  proposed  [232].  Further,  knowledge  graphs  have  been
employed  to  project  course-learner  interactions  into  unified
embedding spaces [237]. For handling intricate semantic information,
self-symmetric meta-paths and meta-graphs within course knowledge
graphs have been introduced,  utilizing specialized graph embedding
techniques  [235].  Additionally,  Zhang  et  al.  [238]  proposed  a
heterogeneous  information  network  for  personalized  course
recommendations using a factorial memory network and graph neural
network.
Reinforcement  learning  has  also  been  widely  adopted  to  enhance

course  recommendations.  For  sequential  decision-making,  methods
including  policy  gradients  [236],  attention  mechanisms  with
recursive  reinforcement  learning  [234],  and  a  deep  reinforcement
learning  multi-agent  framework  incorporating  learner  sentiment  and
competency have been proposed [239]. Efforts have also been made
to  incorporate  language  models  and  deep  knowledge  tracking
techniques.  For  instance,  Zhang  et  al.  [7]  leveraged  unstructured
textual  data  by  extracting  word  vectors  using  BERT  and  analyzing
their  semantic  content.  Relatedly,  Ban  et  al.  [231]  addressed  the
forgetting  problem  in  knowledge  tracking  by  developing  a
personalized  controller  that  simulates  learner  forgetting  and
individual  differences  based  on  cognitive  psychology  principles.
Additionally,  Gharahighehi  et  al.  [241] integrated Survival  Analysis
(SA)  methods  with  collaborative  filtering  to  model  time-to-dropout
and  time-to-completion,  significantly  improving  recommendation
performance  by  considering  time-to-event  information.  Moreover,
engagement  prediction  has  emerged  as  a  critical  factor  in  reducing
dropout rates. Li et al. [240] proposed a Quantified Engagement (QE)
method and an Engagement Neural Network (ENN) model to predict
learners’  engagement  in  unenrolled  courses.  By  applying  QE  and
ENN  to  personalized  course  recommendations,  the  study
demonstrated  a  significant  reduction  in  dropout  rates,  validating  the
effectiveness of engagement-based recommendations.
4) LLM-enhanced course recommendation: explainability, goal

alignment,  and  adaptive  personalization.  Recent  research
increasingly leverages LLMs to enhance adaptability, interpretability,

and  goal  alignment  in  course  recommendation.  Systems  such  as
LearnMate [242] and Retrieval-Augmented Generation (RAG)-based
course discovery models [243] demonstrate how prompt engineering
and  semantic  retrieval  enable  context-aware  and  conversational
recommendations.  Benchmarking  studies  further  show  that  LLMs
achieve  comparable  accuracy  with  greater  diversity  [246],  while
ontology-integrated  frameworks  connect  course  selection  to  career
competencies  [247].  Overall,  these  advances  mark  a  transition  from
static  filtering  toward  adaptive,  semantically  grounded,  and  learner-
centered recommendation paradigms.

 5.2.2  Practical implementation challenges
Despite  significant  advances  in  integrating  knowledge  graphs,
reinforcement  learning,  and  large  language  models,  personalized
course  recommendation  systems  still  face  major  implementation
barriers. First, the heterogeneity of course data across disciplines and
institutions  complicates  the  construction  of  unified  semantic
representations.  Second,  the  alignment  issue  persists,  as
automatically  generated  recommendations  may  conflict  with
curricular  structures  or  accreditation  requirements.  Third,
maintaining  scalable  personalization  across  thousands  of  evolving
courses  demands  intensive  computation  and  learner  modeling.
Finally,  ensuring  explainability  and  fairness  is
crucial—recommendations  must  transparently  link  to  learner  goals
while  avoiding  bias  from  uneven  data  distributions.  Future  efforts
should prioritize curriculum-aware, interpretable, and fairness-driven
system  design  to  enable  educationally  valid  and  institutionally
integrated course recommendation frameworks.

 5.2.3  Educational implications
Course recommendation systems do more than suggest the next item
in  a  learner’s  queue;  they  actively  shape  learners’  planning,
motivation,  and  long-term  trajectories.  By  aligning  recommended
courses  with  learners’  prior  knowledge,  interests,  and  vocational
aspirations,  these  systems  enhance  the  perceived  relevance  of
learning and foster intrinsic motivation, thereby promoting sustained
engagement  and  informed,  autonomous  learning.  Recent  studies
substantiate these pedagogical effects: Cha et al. [248] demonstrated
that  AI-based  recommenders  reduce  uncertainty  during  course
selection  and  strengthen  students’  confidence  in  their  academic
decisions,  while  Zhang  et  al.  [249]  showed  that  graph-based  and
learning-style-aware  modeling  improves  recommendation  accuracy
and  learning  engagement.  For  educators  and  institutions,  such
systems  enable  more  flexible  curriculum  design  and  data-informed
academic  advising.  However,  to  realize  these  benefits  in  practice,
recommendation  mechanisms  must  remain  curriculum-aligned,
interpretable to educators and learners, and designed to avoid biases
and  narrow  personalization.  When  appropriately  implemented,
course  recommendations  can  support  self-directed  learning  and
empower  students  to  make  informed,  confident  choices  about  their
educational journeys.

 5.3  Personalized exercise recommendation
Behaviorist  Theory,  Cognitive  Psychology,  and  sociocultural  theory
jointly  underpin  personalized  exercise  recommendation  systems.
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Behaviorism  informs  reinforcement-based  feedback  optimization,
Cognitive Psychology supports knowledge tracing through cognitive
state  modeling,  and  Sociocultural  Theory  emphasizes  social
interaction,  inspiring  peer-  and  community-aware  recommendation
mechanisms.  Building on these theoretical  insights,  the evolution of
personalized exercise recommendation systems has exhibited distinct
phase-specific  characteristics.  The  initial  research  phase  primarily
focused on the structural  modeling of knowledge points  to establish
foundational  frameworks  for  recommendation  systems.  Subsequent
advancements  in  deep  learning  and  knowledge  graph  technologies
prompted  a  paradigm  shift  toward  semantic  comprehension  and
dynamic  knowledge  tracing,  thereby  enhancing  recommendation
precision.  In  recent  years,  the  convergence  of  multiple  technologies
(e.g.,  reinforcement  learning,  deep  knowledge  tracing,  and
knowledge graphs) has further propelled the development of systems
with enhanced adaptability and intelligent capabilities. The following
three  stages  reflect  the  temporal  progression  of  technological
evolution, illustrating the transformation of research paradigms from
static  recommendation  approaches  to  dynamic  personalization
frameworks.  As  shown in Fig. 14,  we have  categorized  the  relevant
literature into four parts based on the aforementioned discussion. The
technical approaches, datasets, evaluation metrics, and other elements
of related works are summarized in Table S8.

 5.3.1  Classification
1)  Foundations  of  knowledge  modeling:  structuring  knowledge
points  for  basic  exercise  recommendations.  Early  research  has
established  the  importance  of  modeling  the  relationships  between
knowledge points and topics, as well as accounting for variations in
learners’  knowledge  levels.  For  instance,  Xia  et  al.  [252]  identified
two  critical  criteria  for  personalized  exercise  recommendations:
1)  comprehensive  coverage  of  knowledge  points  relevant  to  the
learner’s objectives, and 2) exercises with difficulty levels tailored to
the  learner’s  current  knowledge  proficiency.  Building  on  this,  Lv
et  al.  [251]  constructed  a  knowledge  graph  to  explicitly  capture
dependencies  between  knowledge  points,  while  Diao  et  al.  [250]
utilized a knowledge graph enriched with exercise topics, employing
tree search algorithms to generate recommendations.
Despite  these  advancements,  a  significant  limitation  of  early

studies  lies  in  their  superficial  exploration  of  the  connections
between  knowledge  points.  These  approaches  often  lacked  depth  in
incorporating  learners’  dynamic  knowledge  mastery,  which  is
essential  for  truly  personalized  and  adaptive  exercise

recommendations.
2)  Semantic  understanding  and  mastery  tracking:  deep

knowledge  tracing  for  context-aware  recommendations.  The
significance  of  knowledge  graphs  in  modeling  the  relationships
between  knowledge  points  and  learners  has  gained  increasing
attention,  particularly  in  the  context  of  personalized  exercise
recommendations  powered  by  deep  knowledge  tracking  and
knowledge  diagnostic  models.  To  address  the  limitations  of  earlier
approaches in capturing semantic relationships between exercises and
knowledge  points,  knowledge  graphs  incorporating  extensive
practice questions and knowledge points have been developed. These
models  leverage  techniques  such  as  word2vec  and  graph
convolutional networks to extract and represent semantic information
[253,261]. Furthermore, to overcome the shortcomings of traditional
methods in accurately assessing learners’ dynamic knowledge states,
deep  knowledge  tracking  models  have  been  introduced.  These
models  predict  a  learner’s  mastery  of  specific  knowledge  concepts
based on their interaction history [254–256]. These predictions were
subsequently  integrated  with  collaborative  filtering  or  clustering
techniques  to  generate  personalized  exercise  recommendations
tailored to individual learners’ needs.
However,  several  challenges  remain  unexplored,  including  the

development of more sophisticated deep knowledge tracking models,
the integration of advanced technologies, and the real-time adaptation
of  recommendations  to  reflect  the  dynamic  learning  trajectories  of
individual  students.  These  areas  represent  critical  directions  for
future  research  in  the  field  of  personalized  exercise
recommendations.
3) Dynamic  personalization:  knowledge  graphs,  deep  tracing,

and  reinforcement  learning.  Recent  research  has  significantly
advanced personalized exercise recommendations by focusing on the
construction  of  knowledge  graphs  and  the  application  of  deep
knowledge  tracking  models.  This  includes  the  development  of
comprehensive  knowledge  graphs  that  integrate  knowledge  points,
student  profiles,  and  exercise  topics  to  create  a  unified  resource
framework  [261].  Building  on  this,  He  et  al.  [259]  and  Ren  et  al.
[263]  further  utilized  deep  knowledge  tracking  models  to
dynamically  assess  and  monitor  students’  mastery  of  knowledge
concepts,  providing  real-time  insights  into  their  learning  progress.
Incorporating  principles  from  constructivist  learning  theory,  Yan
et  al.  [271]  combined  knowledge  structure  maps  with  deep
knowledge tracking to identify and recommend diverse, challenging,
and innovative topics tailored to individual learners. Additionally, Li
et  al.  [262]  enhanced  existing  knowledge  graphs  by  mining
personalized  topic  information,  transforming  them  into
multidimensional  structures  that  better  capture  the  complexity  of
learner-exercise interactions. Furthermore, Li et al. [260] proposed a
syllabus-aligned  recommendation  method  that  considers  selected
knowledge points and expected score ranges, ensuring that exercises
are closely aligned with teaching objectives.
Reinforcement  learning  techniques  have  also  been  extensively

explored  to  further  enhance  exercise  personalization.  Early
applications  focused  on  optimizing  core  learning  dynamics,  with
reinforcement  learning  frameworks  balancing  objectives  (review,

 

 
Fig. 14    Classification of studies on personalized exercise recommendation
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exploration,  smoothness,  learner  engagement)  [257].  This  multi-
objective approach was further extended to explicitly model exercise
difficulty, integrating review schedules, difficulty levels and learning
efficacy  to  recommend  topics  at  suitable  challenge  levels  [258].
Moreover,  to  go  beyond  immediate  recommendations,  research  has
targeted  long-term  learning  needs,  using  reinforcement  learning  to
adapt  and  sequence  recommendations  over  time  to  sustain  learner
progress [264].
4)  From  recommendation  to  generation:  LLM-powered

evolution  of  exercise  personalization.  Distinct  from  learning  path
and  course  recommendation,  where  personalization  focuses  on
sequencing and selection,  recent  studies  reveal  a  conceptual  shift  in
exercise  recommendation —from  selecting  pre-existing  tasks  to
generating new and adaptive exercises using LLMs. A growing trend
is  the  development  of  exercise  generation  systems  that  integrate
pedagogical reasoning with automated content creation. For instance,
Ta  et  al.  [267]  introduced  ExGen,  which  leverages  LLMs  to
automatically  generate  personalized,  ready-to-use  programming
exercises,  while Meißner et  al.  [268] compared GPT-4 and LaMDA
for  software  engineering  tasks,  emphasizing  that  LLMs  can  greatly
reduce  authoring  effort,  though  human  oversight  remains  essential.
Further, Zeng et al. [269] demonstrated that instruction-tuned LLMs
using  the  Evol-Instruct  and  Adaptive  Curriculum  for  Exercise
Synthesis  (ACES)  algorithms  can  enhance  the  quality  and  diversity
of  generated  exercises,  and  Luo  et  al.  [270]  applied  Bloom’s
Taxonomy  to  prompt  design,  producing  physics  problems  aligned
with cognitive levels and learning goals. Additionally, Li et al. [272]
proposed  CIKT,  a  collaborative  and  iterative  knowledge  tracing
framework that integrates LLMs to enhance both prediction accuracy
and  interpretability  in  exercise-based  learning  environments,
providing  a  bridge  between  explainable  student  modeling  and
adaptive content generation. Collectively, these advancements signify
a  shift  from  static  exercise  recommendations  toward  intelligent
content  generation,  where  LLMs  act  not  only  as  recommenders  but
also  as  creative  co-designers  capable  of  generating  pedagogically
coherent, context-aware, and cognitively aligned exercises.

 5.3.2  Practical implementation challenges
Unlike  path  or  course  recommendation,  exercise  personalization
operates  at  the  item  level  and  increasingly  involves  on-the-fly
generation,  introducing  distinct  deployment  challenges.  First,
ensuring the quality and validity of generated items remains difficult;
errors  in  question  stems,  solutions,  or  distractors  can  compromise
reliability and pedagogy. Second, difficulty calibration and alignment
with  curriculum  standards  and  cognitive  levels  (e.g.,  Bloom’s
taxonomy) are nontrivial,  as  improper mapping undermines mastery
estimation.  Third,  coupling  with  knowledge  tracing  and  diagnostics
is fragile due to noisy metadata and shifting concept taxonomies that
propagate errors  through adaptive feedback loops.  Fourth,  academic
integrity  and  provenance  demand  safeguards  against  prompt
inversion,  plagiarism,  and  data  leakage,  requiring  traceable  item
generation  pipelines.  Fifth,  real-time  efficiency  and  fairness  pose
additional  constraints—generation  must  balance  latency,  accuracy,
and  inclusivity  across  linguistic  and  cultural  contexts.  Addressing

these  issues  requires  generation-aware  MLOps  that  integrate
instructor-in-the-loop  validation,  provenance  metadata,  fairness
auditing,  and  curriculum-aligned  difficulty  modeling,  ensuring  that
LLM-driven  exercise  systems  evolve  from  recommendation  toward
pedagogically sound, reliable generation at scale.

 5.3.3  Educational implications
The evolution from recommending to generating exercises represents
a paradigm shift in how students practice and consolidate knowledge.
LLM-powered  systems  can  now  produce  exercises  tailored  to
individual  proficiency  levels  and  deliver  real-time,  adaptive
feedback, rendering practice sessions both highly efficient and deeply
engaging.  This  pedagogical  potential  is  increasingly  supported  by
empirical  research.  For  adaptive  learning,  Cui  and  Sachan  [273]
demonstrated that combining knowledge tracing with controlled text
generation  produces  adaptive  language  exercises  aligned  with
learners’  knowledge  states.  In  programming  education,  Rytilahti  et
al. [274] found that LLM-generated programming exercises diversify
practice  and  reduce  teachers’  workload.  When  effectively
implemented,  such  systems  do  more  than  bolster  conceptual
understanding and self-efficacy; they also free educators from routine
task creation, allowing them to dedicate more attention to high-level
instructional  guidance.  Thus,  automated  exercise  generation
transcends  its  technical  role  to  become  a  vital  pedagogical
bridge —seamlessly  connecting  targeted  practice,  personalized
feedback, and sustained learning growth.

 ■ 6  Application case
In  recent  years,  the  application  of  personalized  learning  in  the
classroom  has  been  quite  extensive.  Based  on  our  previous
categorization,  these  real-world  application  cases  can  be  reviewed
from three aspects: cognitive modeling, non-cognitive modeling, and
personalized  recommendations,  depending  on  the  types  of
personalized learning technologies employed in them.

 6.1  Concrete examples
We  summarize  recent  applications  of  personalized  learning  in
teaching and learning, as shown in Table 3.
Examples  focusing  on  cognitive  diagnostics  and  non-cognitive

modeling  include  [275],  who  proposes  a  learner  model  combining
stereotyping,  fuzzy  logic,  and  similarity  techniques  to  personalize
learning  paths  based  on  user  interactions  (e.g.,  page  visits,  mouse
clicks),  enhancing  self-regulation.  However,  in  practice,  it  relies
heavily  on  questionnaire-based  initialization,  introducing  subjective
bias.  Moreover,  the  emotional  dimension  is  limited  to  two  coarse
variables (“motivation” and “mood”),  which fail  to capture nuanced
affective  states.  Yang  et  al.  [276]  implemented  a  personalized
learning analytics intervention in an undergraduate accounting course
using  the “BookRoll” e-book  system and  recommender  tools.  Their
findings  showed  improved  academic  performance  and  behavioral
engagement in the personalized group.
In the recommendation domain, Huang et al. [9] studied AI-driven

personalized  video  recommendations  in  a  Taiwanese  flipped
classroom,  reporting  increased  engagement  and  learning  outcomes,
particularly  for  moderately  motivated  students.  However,  the
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recommendation  process  depends  on  IBM  Watson,  which  suffers
from limited interpretability. Moreover, the lack of diversity metrics
in  the  recommendation  mechanism  raises  concerns  about  potential
information  silos.  Lim  et  al.  [277]  applied  real-time  analytics  and
rule-based  AI  to  deliver  personalized  scaffolding  to  German
university  students,  supporting  self-regulated  learning  via  real-time
behavioral data analysis. However, because the scaffolding rules are
manually  defined  by  experts  and  relatively  sparse,  the  system
exhibits  limited  adaptability  to  complex  or  dynamic  learning
scenarios.  Similarly,  another  system  leverages  the  Learning  Object
Metadata Standard for content delivery, with its logic also dependent
on  preset  rules  [278].  To  enhance  adaptability,  intelligent  systems
integrating  Case-Based  Reasoning  with  learning  style  models  have
been  designed  to  tailor  resources  to  learner  preferences.
Nevertheless,  the  limited  scale  and  domain  diversity  of  their  case
libraries  constrain  cross-context  transferability  [279].  Karaoglan
Yilmaz et al. [280] investigated learning analytics-based personalized
recommendation  and  feedback  in  a  Turkish  flipped  classroom,

showing  that  customized  feedback  improved  students’  self-
assessment,  motivation,  and  learning  attitudes.  However,  the  study
relies  primarily  on  subjective  satisfaction  measures,  lacking  a
quantitative  evaluation  of  actual  learning  gains.  Furthermore,  a
personalized  recommendation  framework  for  K-12  education  has
been  proposed,  emphasizing  adaptation  based  on  individual
characteristics  and  learning  styles  while  discussing  integration
challenges in practice. Although this framework provides a valuable
design  reference,  it  lacks  empirical  validation  and  concrete
implementation  details,  leaving  its  effectiveness  in  real-world
settings to be verified [281].
Overall,  most applications currently focus primarily on behavioral

and  real-time  testing,  lacking  objective,  multidimensional  variables
such as emotional cognition and sociocultural factors. Moreover, the
relatively short duration of experimental studies limits the evaluation
of  long-term  persistence  and  temporal  decay  of  personalization
effects.  In  addition,  the  interpretability  of  recommendation
mechanisms and the management of data privacy remain critical yet

  
Table 3    Practical examples of the use of personalized learning

Background Implementation Students’ participation Educators’
participation

Data-driven
feedback Challenges

Taiwanese university,
systems programming
course, flipped
classroom

AI-enabled personalized
video recommendations

Improved engagement,
motivation, and
learning outcomes

Facilitation of AI-
enhanced learning

AI algorithms for
content

recommendation

Effective integration of
AI in education,
addressing diverse
student needs

German universities,
Bachelor’s and
Master’s students,
various majors

Real time analytics-
based scaffolds, online
learning tools, rule-based

AI

Influence on self-
regulated learning

activities, performance,
engagement with
learning strategies

Provided scaffolds,
structured environment,
focus on technology-
driven personalization

Real time data
collection and
analysis,

personalized
feedback

Addressed technical
challenges, refinement
based on empirical
findings and AI

analysis

Broad application in
e-learning, not
specific to any
institution

Learner modeling with
learning styles, domain
data, assessment data,
affective data; fuzzy
logic and similarity

analysis

Personalized
experiences based on

individual
characteristics,

improving engagement
and outcomes

Involvement in content
and assessment

provision, integrated
into personalized

system

Continuous
adaptation using

personal,
performance, and
emotional data

Addressing complexity
in learner modeling,

technical
implementation;
combination of

modeling techniques

Higher education,
blended learning,
unspecified institution

E-book and
recommendation system,
personalized learning

analytics

Improved academic
performance and
increased learning

interest

Integration of
personalized system

into learning

Analysis of student
performance for
personalized
feedback

Addressing complexity
in personalization and
technical aspects

Systematic review on
K-12 e-learning, not
specific to any
institution

Development of a
personalized

recommender system for
e-learning, modules for

student profiling,
material collection, and

recommendation

Enhancement of
engagement,

performance, and
knowledge through
personalized learning

materials

Provision of course
materials, validation of

recommended
materials, monitoring,

and feedback

Use of machine
learning and data
mining for profiling

and
recommendations,
teacher validation

Complexity of
personalized e-learning
recommendations,
comprehensive
framework for
implementation

Turkish university,
flipped classroom,
pre-service teachers

Learning analytics for
personalized

recommendation and
feedback

Focus on engagement,
learning outcomes,
self-assessment

Facilitate personalized
learning, guide students

Learning analytics
for data collection,

analysis,
personalized
feedback

Navigating
personalized learning
complexities, data
privacy concerns

Cochin University,
India, online learning

Rule-based system,
Felder-Silverman Model,

IEEE Standard

Enhanced engagement
and learning outcomes

Guide in personalized
learning process

Learner profiling,
content alignment

Learner modeling,
content

recommendation

San Agustin
University, Peru,
virtual learning

CBR, Honey-Alonso
Model for learning styles

Improved engagement
and learning outcomes

Guiding the use of the
personalized learning

model

CBR for adapting
learning content to

styles

Adapting to diverse
learning styles,
efficiency in
personalization
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underexplored  dimensions  that  warrant  greater  attention  in  future
research.

 6.2  Intelligent educational software
Intelligent  educational  software  utilizes  modern  technology,
particularly  artificial  intelligence  and  data  analytics,  to  enhance  the
educational  experience  by  offering  personalized  teaching  and
learning  support  based  on  students’  habits,  performance,  and
preferences.  This  software  can  be  categorized  into  six  main  types:
adaptive  learning  systems,  virtual  education  assistants,  learning
analytics  tools,  online  learning  platforms,  learning  management
systems, and intelligent educational games. Below, we describe each
type,  highlighting  their  features,  student  modeling  methods,
personalized  recommendation  strategies,  and  implementation
examples.

d = 0.34

Adaptive  learning  systems  (ALS)  dynamically  model  students’
knowledge  states  and  learning  behaviors  to  enable  real-time
adaptation  of  instructional  content  and  difficulty.  Knewton  [282]  is
an  example  that  employs  advanced  algorithms  to  analyze  student
behavior and performance, providing customized learning paths that
align  with  individual  abilities  and  interests.  It  employs  knowledge
modeling to assess conceptual mastery while integrating personalized
recommendation  strategies,  such  as  collaborative  filtering  and
reinforcement  learning,  to  generate  individualized learning paths.  In
higher  education,  Knewton’s  University  Algebra  course  at  the
University  of  Arizona  (involving  approximately  2,000  students)
reported a 17% increase in pass rates, and a 56% decrease in dropout
rates4).  In  K-12  education,  a  randomized  controlled  trial  (RCT)  by
RAND  with  1,400  middle  school  students  using  a  Knewton-style
ALS achieved moderate learning gains (Cohen’s  ) and a 4.2-
percentage-point  reduction  in  dropout  rates5).  Another  prominent
commercial  platform,  DreamBox,  also  illustrates  the  efficacy  of
adaptive learning systems at  scale.  During the 2020–2021 academic
year, an impact assessment spanning 8,000 schools and 3 million K-8
students  revealed  that  learners  who  completed  at  least  five  lessons
per  week  (approximately  60  minutes)  improved  their  NWEA MAP
percentile  scores  by  an  average  of  9.9  points6).  ALS platforms  like
Knewton and DreamBox are  highly  representative  of  demonstrating
large-scale efficacy. However, their reliance on well-defined learning
objectives  and  structured  assessments  limits  applicability  to  open-
ended  or  interdisciplinary  learning.  Moreover,  the  limited
transparency  of  their  recommendation  algorithms  raises  concerns
regarding reproducibility, generalizability, and potential instructional
bias.

Virtual  educational  assistants  (VEA)  are  AI-driven  learning
support systems that provide personalized resource recommendations
and  real-time  tutoring  through  natural  language  interaction  and
multimodal  feedback.  These  systems  integrate  both  cognitive

p < 0.001

r = 0.61, p < 0.001
d ≈ 1.0

modeling to monitor knowledge acquisition and learning trajectories
and  non-cognitive  modeling,  which  analyzes  motivation,  attention,
and  engagement  behaviors  to  enable  adaptive  interventions.  The
language  learning  platform  Duolingo  [283]  exemplifies  a  typical
VEA  application,  employing  reinforcement  learning  and  sequence
modeling  to  dynamically  adjust  content  difficulty  and  feedback,
thereby offering a highly personalized language learning experience.
Empirical  studies  have  consistently  confirmed  Duolingo’s
effectiveness in language acquisition. For instance, in the transitional
preparatory  English  course,  a  blended  learning  approach  combining
Duolingo  and  ReadTheory  increased  CEFR-aligned  receptive  skill
test  scores from 8.12 ± 2.16 to 15.17 ± 1.79 ( ),  indicating
substantial  improvement [284].  Similarly,  a study involving 48 U.S.
college  students  reported  that  after  three  months  of  continuous  use,
language  proficiency  advanced  from  Novice  Low  to  Novice  Mid
( ),  with  notable  gains  in  writing  and  speaking
(Cohen’s  )  [285].  These  results  demonstrate  that  AI-based
VEAs  can  significantly  enhance  both  language  learning  outcomes
and  learner  motivation.  Yet,  effectiveness  is  less  documented  for
complex  STEM  subjects  or  project-based  tasks,  where  real-time
adaptation  may  require  deeper  cognitive  modeling  and  domain
expertise.

Online  learning  platforms  (OLP)  such  as  Coursera,  Khan
Academy,  and  Udacity  empower  students  to  independently  select
learning content based on personal interests and needs by offering a
wide  variety  of  course  resources.  These  platforms  emphasize
adaptive  pacing  and  resource  allocation  to  accommodate  individual
learning  trajectories.  For  example,  Coursera  [286]  provides  an
extensive range of academic and professional training programs that
allow learners to progress at their own pace. Evaluation data indicate
that  instructional  interventions —such  as  requiring  at  least  one
instance  of  human  grading —can  improve  learner  retention  by
approximately  6%,  while  stricter  control  of  study  duration
contributes  an  additional  5%  increase  in  retention7).  In  K-12
education,  multiple  randomized  controlled  trials  and  large-scale
empirical studies involving over 11,000 students in grades 3–6 have
shown  that  Khan  Academy  significantly  enhances  students’
mathematical  achievement  and  learning  attitudes  in  foundational
mathematics  courses8).  Although  the  user  base  of  OLP  has  grown
steadily  in  recent  years,  with  increasing  incorporation  of  artificial
intelligence  technologies,  dropout  rates  remain  high  in  fully  online
settings.  Furthermore,  these  platforms  often  face  challenges  in
delivering  personalized  learning  beyond  standard  course  pathways,
and  their  integration  of  fine-grained  cognitive  modeling  remains
limited compared to ALS.

Learning  analytics  tools  (LAT)  systematically  analyze  student
data,  such  as  engagement,  performance,  and  learning  progress,  to
generate  actionable  insights  that  support  adaptive  instruction  and
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personalized  feedback.  These  tools  also  facilitate  early  warning
systems and data-driven decision support for educators. IBM Watson
Education  [287]  exemplifies  this  paradigm  by  leveraging  cognitive
modeling and advanced analytics to identify learning patterns, predict
academic outcomes, and assist instructors in optimizing pedagogical
strategies.  The  system  further  integrates  personalized
recommendation  techniques,  including  collaborative  filtering  and
sequence modeling, to deliver targeted learning interventions tailored
to  individual  students’  needs.  Nonetheless,  dependence  on
institutional data quality and privacy constraints may hinder broader
adoption,  and  predictive  models  can  propagate  existing  biases  in
educational data.

n = 113
F(3,336) = 193.19,

p < 0.001,η2 = 0.963 F(3,336) = 154.11,
p < 0.001,η2 = 0.957

Learning  management  systems  (LMS)  provide  a  centralized
platform for creating, managing, and delivering educational content.
They  support  personalized  curriculum and  learning  tracking  to  help
students  learn  at  their  own  pace.  Moodle  [288],  one  of  the  most
representative  open-source  LMSs,  empowers  educators  to  flexibly
design instructional materials and evaluation methods while fostering
online  collaboration  and  learner  engagement.  Empirical  evidence
from  a  study  involving  Nigerian  distance-learning  undergraduates
( )  [289]  revealed  that  the  use  of  Moodle  led  to  significant
improvements  in  both  academic  performance  (

)  and  learning  satisfaction  (
),  confirming  its  strong  efficacy  in  enhancing

learning  outcomes  and  learner  experience.  LMSs  are  highly
representative  in  infrastructure  provision  and  curriculum
management. Yet, their adaptability relies heavily on educator input,
and personalization capabilities  remain limited compared to ALS or
VEA.

N ≈ 166

Educational  games  (EG)  integrate  pedagogical  objectives  with
entertainment  elements  to  enhance  learner  motivation  and
engagement  through  interactive  and  immersive  experiences.  These
systems  dynamically  adapt  task  difficulty  based  on  player
performance and progression, achieving an optimal balance between
enjoyment  and  educational  impact.  Minecraft:  Education  Edition
(MCEE)  [290]  exemplifies  this  approach  by  enabling  students  to
engage  in  inquiry-based  learning  and  collaborative  problem-solving
within a virtual environment. In an empirical study conducted in Irish
primary  schools  ( ),  87.5%–96.3%  of  participating  students
reported  that  MCEE  improved  peer  collaboration,  while
93.7%–100%  indicated that  it  significantly fostered creativity [291].
These  results  underscore  the  effectiveness  of  educational  games  in
cultivating  students’  collaborative,  problem-solving,  and  creative
abilities.  However,  measuring  learning  outcomes  quantitatively  is
challenging, and long-term academic impact is less well-established.
The cost and technical requirements can also restrict scalability.
Table  S9  summarizes  mainstream intelligent  educational  software

and  their  key  features.  These  cases  collectively  demonstrate  that
educational  software  varies  substantially  in  both  target  learning
stages and technical adaptability. For example, Knewton is deployed
across K-12 and higher education; Duolingo primarily serves higher
and  adult  education;  DreamBox and  Khan  Academy focus  on  K-12
mathematics  and foundational  subjects;  while  Coursera and Udacity
are  oriented  toward  higher  education,  degree  programs,  and

vocational training. This variation reflects fundamental differences in
technological  objectives,  data  structures,  and  instructional  models
across educational levels. In K-12 education, system design typically
prioritizes measurable academic outcomes, such as standardized test
improvement,  course  completion,  and  dropout  reduction,  supported
by  structured  curricula  and  teacher-led  implementations.  RCTs  are
widely  applied  in  this  context  to  quantify  instructional  impact,  as
exemplified  by  the  evaluation  studies  of  DreamBox  and  Knewton.
Data  in  K-12  environments  are  highly  structured  (e.g.,  item-level
logs,  assessment  scores),  which  facilitates  fine-grained  modeling
through  CDM and  Knowledge  Tracing  (KT)  approaches.  However,
privacy regulations and parental oversight often constrain large-scale
data sharing.
In higher education and adult learning, technological priorities shift

toward  optimizing  course  pass  rates,  learner  retention,  and  time
efficiency. Learners in these settings exhibit greater heterogeneity in
prior  knowledge  and  motivation,  requiring  systems  with  stronger
generalization  and  semantic  reasoning  capabilities.  Consequently,
adaptive  frameworks  increasingly  integrate  knowledge  graphs,
LLMs,  and  personalized  recommender  systems  to  support  open-
ended,  project-based,  and  self-directed  learning.  At  the  same  time,
the  technical  adaptability  of  cognitive  diagnostic  models  varies
across  different  educational  stages.  K-12  education  places  greater
emphasis  on  precise  assessment  and  cognitive  level  identification,
while  higher  education  focuses  more  on  understanding  complex
learning  behaviors  and  providing  personalized  feedback.  Although
intelligent  educational  software  can  deliver  targeted  learning
experiences  and  provide  real-time  feedback,  enhancing  efficiency
and  interactivity,  it  remains  limited  in  transparency,  cross-domain
adaptability, long-term efficacy evaluation, and incorporation of non-
cognitive  factors.  Future  work  should  address  these  gaps  by
developing interpretable adaptive algorithms, enhancing longitudinal
evaluation,  and  expanding  personalization  to  complex,
interdisciplinary learning contexts.

 6.3  Paradigm breakthroughs of LLM in personalized learning
In  recent  years,  LLMs have brought  paradigm-level  transformations
to  personalized  learning.  Unlike  traditional  models  that  rely  on
structured  learning  logs  and  handcrafted  features,  LLM-based
systems  leverage  natural  language  interaction  and  contextual
reasoning  to  dynamically  capture  learners’  cognitive,  affective,  and
behavioral  states.  This  section  reviews  representative  studies  and
systems  to  elucidate  the  core  breakthroughs  achieved  by  LLMs  in
personalized learning and the primary challenges they face.
The pioneering EduChat system exemplifies the deep integration of

large-scale  educational  dialogue  with  cognitive-affective  modeling
[292]. Trained on massive instructional corpora, it interprets learners’
utterances  and  feedback  to  infer  their  mastery  levels  and  learning
intentions  in  real  time,  thereby  transforming  static  learner  profiles
into  dynamic,  dialogue-based  models.  Through  natural  language
interaction,  it  generates  personalized  learning  paths  and  exercises
aligned  with  learners’  self-stated  goals,  thereby  redefining  the  logic
of  recommendation.  Nevertheless,  its  dependence  on  substantial
computational  resources  and  potential  privacy  risks  in  cloud-based
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deployment  remain  key  challenges.  Mitigating  these  issues  requires
deploying  private  education  servers  and  optimizing  real-time
inference  pipelines.  Similarly,  SocraticLM  [293],  based  on  the
Socratic  Dialogue  Model,  adopts  a  multi-agent  architecture
(Dean–Teacher–Student  model)  to  promote  reflective  reasoning  and
structured  inquiry  rather  than  providing  direct  answers.  Recent
research  has  extended  this  approach  to  dialogue-based  knowledge
tracing.  For  instance,  Scarlatos  et  al.  [294]  introduced  a  framework
that  uses  LLM  prompting  to  identify  knowledge  components  and
misconceptions  within  tutor–student  dialogues,  achieving  superior
predictive  accuracy  in  open-ended  conversational  learning.  By
simulating  strategy-driven,  personalized  instruction  grounded  in
constructivist  learning  theory,  these  systems  identify  cognitive
misconceptions  through  multi-turn  reasoning,  while  supervised
agents enhance content reliability and mitigate biases.
A  second  line  of  research  leverages  LLMs  to  enhance  diagnostic

precision  and  interpretability.  Models  such  as  KCD  [295]  and
MalAlgoPy  [296]  integrate  LLM-based  semantic  reasoning  with
quantitative  cognitive  diagnosis  frameworks.  Building  on  this
foundation,  Wang  et  al.  [297]  proposed  LLM-KT,  a  plug-and-play
alignment  framework  that  connects  LLMs  with  knowledge  tracing
(KT) tasks through multi-modal context adapters, achieving state-of-
the-art performance across benchmark datasets. Similarly, Yang et al.
[298] introduced a difficulty-aware programming knowledge tracing
model  (DPKT)  that  extracts  both  textual  and  conceptual  difficulty
dimensions  of  programming  problems  to  refine  student  knowledge
estimation.  Furthermore,  the  DDKT  framework  incorporates
retrieval-augmented generation and dual-channel difficulty modeling,
combining subjective and objective difficulty perceptions to enhance
interpretability  and  mitigate  cold-start  problems  [299].
Complementarily, Lee et al. [300] presented a simpler integration of
pre-trained language models (PLMs) into KT, showing that semantic
representations from textual data can significantly improve prediction
accuracy  and  interpretability.  Collectively,  these  works  mark  a
paradigm  shift  from  modeling  purely  observable  behavior  to
developing  semantically  grounded,  interpretable,  and  context-rich
diagnostic  frameworks  that  balance  quantitative  precision  with
human-readable reasoning.
Additionally, the study presented in [301] conceptualizes LLMs as

diagnostic subjects in educational assessments. By applying Bloom’s
Taxonomy to examine their internal knowledge structures, the study
reveals  that  LLMs  can  exhibit  overconfidence  and  conceptual
inconsistencies  even  in  fundamental  topics.  These  findings  provide
critical  insights  for  calibrating  LLM-based  student  models  and
preventing  biased  diagnostic  inferences.  Meanwhile,  frameworks
such  as  LLM-SS  [302]  leverage  prior  code  attempts  and  expert
examples  within  a  contextual  learning  paradigm to  predict  learners’
behavioral trajectories in visual programming tasks, thereby enabling
adaptive,  task-level  feedback generation.  Recent meta-analyses such
as  the  systematic  review  by  [303]  further  synthesize  over  fifty
studies, underscoring LLMs’ impact on learner engagement, affective
development,  and  ethical  challenges,  and  calling  for  stronger
integration  between  AI-driven  personalization  and  educational
validity.  However,  maintaining  temporal  consistency  in  synthesized

learning trajectories remains a major challenge. Future research could
address  this  by  developing  hybrid  architectures  that  combine  LLMs
with  recurrent  student  modeling  networks,  thereby  enhancing
stability and coherence over time.
Collectively,  these  studies  highlight  a  paradigm  shift  in

personalized  learning  from  explicit  feature  engineering  and  static
response  modeling  to  language-driven,  adaptive,  and  semantically
grounded  personalization.  LLMs  are  redefining  student  modeling
through  dialogue-based  cognitive  inference,  semantic-behavioral
integration, and simulation-based augmentation, while also reshaping
recommendation  logic  via  natural  language-driven  learning  path
generation.  Despite  these  advances,  key  challenges  persist.  First,
inherent  knowledge  update  latency  in  pre-trained  models  restricts
integration  of  evolving  curricula  and  emerging  learning  materials,
which can be alleviated via Retrieval-Augmented Generation (RAG)
and  continuous  fine-tuning  for  timely  incorporation  of  up-to-date
educational  content.  Second,  guaranteeing  generated  output
reliability  and  fairness  remains  a  critical  issue,  addressable  through
post-hoc  verification  pipelines  and  evaluation  agents  based  on
objective  scoring  criteria,  deployed  for  automatic  assessment  of
factual  accuracy  and  pedagogical  relevance.  Finally,  challenges
around data privacy, computational efficiency, model explainability,
and  reconciling  generative  flexibility  with  curricular  constraints
remain  prominent.  Future  research  should  prioritize  developing
coherent, interpretable, continuously adaptive LLM frameworks that
balance  educational  validity  with  the  deep  personalization  required
for truly intelligent learning systems.

 ■ 7  Challenges and future directions
Personalized  learning,  as  a  cutting-edge  application  of  intelligent
education  and  a  leading  research  focus  in  education,  has  flourished
but  faces  challenges.  These  challenges  primarily  manifest  in  data
quality, technology, assessment, and ethics, and increasingly intersect
with  issues  introduced  by  the  rapid  adoption  of  Large  Language
Models  (LLMs),  including  generative  uncertainties,  temporal
dynamics,  and  pedagogical  implications.  This  chapter  provides  a
comprehensive  analysis  of  these  challenges  across  four  key  areas,
offering  insights  into  future  directions  and  potential  innovations  to
guide further research in personalized learning.

1) Data Data  serves  as  the  foundation  of  personalized  learning,
encompassing  diverse  information  derived  from  learners’
academic  history,  behaviors,  and  life  experiences.  This  vast
array  of  data  enables  systems  to  assess  students’  knowledge
states,  address  individual  learning  needs,  and  continuously
refine  models  based  on  learning  styles,  emotions,  and
behavioral  patterns.  However,  existing  datasets  are  often
limited in scale,  noisy,  or  lack essential  metadata,  which can
lead  to  biased  conclusions.  In  student  behavior  analysis,
researchers frequently rely on privately collected datasets that
are rarely disclosed, creating challenges in data completeness
and  standardization.  The  rise  of  multimodal  data  (e.g.,  text,
speech,  gaze)  further  increases  the  complexity  of
standardization  and fusion.  A new challenge  with  LLMs lies
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in  their  reliance  on  static,  often  outdated  corpora,  leading  to
knowledge  cutoffs  that  lag  behind  curricula  and  educational
standards.  Even  fine-tuned  models  can  reproduce  obsolete
facts  or  outdated  pedagogical  concepts,  aggravating  data-
quality  and  alignment  issues.  Additionally,  continuous
logging of learner interactions for adaptive feedback increases
privacy  and  security  risks  through  persistent  data  collection
and implicit  profiling. Balancing data utility,  standardization,
transparency,  and  privacy,  while  keeping  adaptive  models
current, representative, and ethically grounded, remains a core
challenge for next-generation personalized learning systems.

2) Technology  Current  personalized  learning  algorithms
primarily focus on specific tasks, such as text assessment and
recommendation  systems  but  lack  sufficient  research  on
generalization  across  domains.  Achieving  holistic
personalization  requires  models  that  are  adaptable,
interpretable,  and grounded in  educational  and psychological
theory.  In  learning  analytics,  effectively  analyzing  student
data  amid  complexity  and  uncertainty  remains  a  significant
challenge.  Despite  advances  in  deep  learning,  most  existing
methods struggle to effectively handle multimodal signals and
contextual  uncertainty.  The  integration  of  LLMs  introduces
both  opportunities  and  challenges  [304].  LLMs  enable
dynamic,  dialogue-driven  learning  support  and  contextual
reasoning, but also raise new issues:
–  Knowledge  update  latency,  as  static  LLMs  may  rely  on
outdated information.

–  Educational  suitability,  since  generated  content  is  not
always pedagogically aligned or age-appropriate.

–  High  computational  and  energy  costs,  which  hinder
deployment in large-scale educational systems.

–  Bias  amplification  and  factual  hallucination,  which  may
mislead learners or distort educational fairness.

Overcoming  these  technological  challenges  requires  deeper
research into  efficient  LLM adaptation,  continual  fine-tuning
with  educational  data,  and  the  establishment  of  content-
alignment  mechanisms  to  ensure  that  generated  materials
support verified learning objectives.

3) Assessment  Evaluating  the  effectiveness  of  personalized
learning  remains  a  complex  challenge,  as  traditional  metrics
such  as  Hit  Ratio  (HR),  Normalized  Discounted  Cumulative
Gain  (NDCG),  and  Recall  fail  to  capture  comprehensive
learning  progress  and  real-world  impact.  Relying  solely  on
offline  assessment  methods  complicates  real-time
performance  evaluation  in  dynamic  learning  environments,
delaying  user  feedback  and  overlooking  a  crucial  aspect  of
personalized  learning,  which  is  enhancing  the  student
experience  and addressing individual  needs.  Existing metrics
often fail to accommodate diverse learning styles, limiting the
generalizability  of  evaluation  results,  while  those  derived
from  individual  experiments  or  subjective  judgments  lack
universal  applicability  and  broad  recognition.  Moreover,  the
emergence  of  AI  tutors  and  LLM-driven  systems  introduces
new  evaluation  challenges,  as  learning  outcomes  become

intertwined  with  conversational  dynamics,  self-directed
exploration,  and  adaptive  reasoning.  Traditional  quantitative
metrics  are  often  insufficient  to  assess  such  open-ended,
interaction-driven  learning  processes.  In  summary,  current
evaluation  approaches  remain  limited  in  timeliness,
adaptability, and generalizability, relying excessively on static
performance  metrics  while  insufficiently  capturing  the
interactive,  dynamic  nature  of  personalized  and  LLM-driven
learning processes.

4)  Ethics  Ethical  considerations  in  personalized  learning  are
crucial  due  to  the  variability  in  model  quality  and  the
associated  risks.  The  collection  of  extensive  student  data
raises  significant  privacy  concerns,  while  potential  biases  in
training  data  can  lead  to  unfair  customization  of  learning
content.  With the rapid rise of  LLMs, new ethical  risks have
surfaced:  biased  or  culturally  insensitive  content  generation,
lack  of  interpretability,  and  potential  dissemination  of
inaccurate or hallucinated information.  Moreover,  integrating
LLMs  into  educational  infrastructures  amplifies  privacy  and
accountability  challenges,  as  personal  learning  records  may
inadvertently  be  exposed  during  model  optimization  or  fine-
tuning.  In  summary,  the  ethical  landscape  of  personalized
learning  is  becoming  increasingly  complex,  as  emerging  AI-
driven  technologies  amplify  long-standing  concerns  about
bias, transparency, and data protection.

Navigating  the  challenges  of  personalized  learning  requires
ongoing  technological  advancements  and  in-depth  research,  which
offer  a  promising  pathway  for  future  development.  From  a  data
perspective,  efforts  should  focus  on  establishing  standardized
collection  protocols,  privacy-preserving  sharing  frameworks,  and
multimodal  fusion  techniques  to  ensure  data  fairness,  diversity,  and
completeness.  From  a  technological  standpoint,  research  should
advance lightweight model architectures, federated learning, and on-
device  inference  to  alleviate  computational  and  deployment
constraints.  Equally  important  is  interdisciplinary  collaboration,
particularly  the  integration  of  technological  innovation  with
educational  theory  and  psychological  insight,  to  construct  a  more
holistic and human-centered personalized learning framework.
Meanwhile, the integration of LLMs presents new opportunities to

enhance  personalized  learning  guidance.  LLMs  hold  transformative
potential  to  create  interactive,  adaptive,  and  context-aware  learning
environments  that  tailor  content  to  individual  learners’  styles,
preferences,  and  knowledge  gaps.  However,  realizing  this  potential
requires  addressing  enduring  challenges  such  as  curriculum
misalignment,  knowledge  obsolescence,  and  the  generation  of
hallucinated  or  pedagogically  inappropriate  content.  Future  research
opportunities  include  generating  personalized  educational  questions,
evaluating  programming  courses,  and  exploring  the  transformative
impact  of  LLMs  on  education.  The  transition  of  academic  models
and  algorithms  from  theory  to  practical  implementation  requires
collaborative  efforts  to  drive  innovation  and  the  real-world
application  of  personalized  learning  technologies.  To  maintain
accountability  and  contextual  relevance,  teacher-in-the-loop
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paradigms  and  transparent  governance  frameworks  must  be
incorporated into AI-assisted educational systems.
In  summary,  despite  its  challenges,  personalized  learning  offers

significant  opportunities  for  intelligent,  flexible  systems  capable  of
adapting to diverse fields and subject areas, meeting students’ varied
needs,  and  advancing  personalized  learning  to  new  heights  in  the
future.

 ■ 8  Conclusion
This  paper  provides  a  comprehensive  examination  of  personalized
learning  within  the  domain  of  intelligent  education.  We  elucidated
various  definitions  of  personalized  learning,  examined  its
connections  with  educational  theories,  and  traced  its  historical
development,  research  motivations,  and  overarching  goals.  A
systematic  analysis  is  conducted  from  two  key  dimensions:  student
modeling and personalized recommendation methods.
For  student  modeling,  we  examined  both  cognitive  and  non-

cognitive  perspectives.  For  cognitive  modeling,  we  reviewed
foundational algorithms and their progression, with a particular focus
on  cognitive  diagnosis,  tracing  its  development  from  early
psychometric  models  to  modern  attention-based  approaches.  Non-
cognitive  modeling  includes  learning  styles,  affect  assessment,
behavior  analysis,  and  performance  prediction.  For  personalized
recommendations,  we  categorized  methods  into  learning  path,
course,  and practice recommendations,  and examined their  interplay
with  student  modeling.  Beyond  theoretical  discourse,  we  presented
empirical  evidence  of  real-world  applications  through  case  studies
and an overview of existing platforms, tools, and software. However,
it  should  be  acknowledged  that  the  practical  cases  reviewed  in  this
study are predominantly concentrated in MOOCs and K-12 settings,
with  relatively  limited  coverage  of  vocational  training,  lifelong
learning,  and  corporate  learning  applications.  While  these  examples
effectively  demonstrate  the  potential  of  personalized  learning
technologies, they may not fully capture the diversity and complexity
of implementation across all educational contexts. Future work could
expand  the  scope  of  analysis  by  incorporating  broader  institutional
types  and  diverse  learner  populations  to  ensure  a  more  holistic
understanding of personalized learning in practice.
Despite  significant  progress,  challenges  such  as  privacy,  ethical

considerations,  model evaluation,  and interpretability remain critical
barriers  to  widespread  adoption.  Looking  ahead,  Large  Language
Models  in  education  hold  great  potential  to  further  enhance
personalized  learning  experiences.  This  survey  aims  to  provide
researchers  and  practitioners  with  valuable  insights,  stimulate
academic discourse, and contribute to the continuous advancement of
personalized learning in intelligent education.
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