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Abstract :

The advent of digital and educational technologies has led to the emergence of ever more varied
online learning environments. Nevertheless, most traditional e-learning platforms remain based
on a uniform pedagogy, unable to respond to the specificities of each learner. In this context,
adaptive learning systems (AAS) represent a significant advance: they exploit learner models
(cognitive profile, learning style, skill level) as well as adaptivity engines to offer a
personalized journey and content. This article first presents the theoretical foundations of AAS
(learner models, technical architectures, pedagogical approaches), then offers a critical review
of the major works published over the last ten years. Finally, a comparative study of five current
systems is conducted according to criteria such as the type of personalization, the granularity
of content, evaluation methods, and interactivity. At the end of this analysis, we detail the
technical and pedagogical challenges still to be overcome, and propose research perspectives,
including artificial intelligence and massive data analysis, to strengthen the effectiveness of
SAA.
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Introduction :

E-learning has expanded rapidly over the past two decades, supported by the spread of high-
speed internet, widespread digital platforms, and the search for more flexible learning
modalities. Online devices (asynchronous and synchronous) respond in particular to constraints
of accessibility, time, and location, which explains their increasing adoption in many
educational contexts (Hrastinski, 2008; Means et al., 2010).
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However, a major limitation of "classic" e-learning environments lies in their logic of uniform
dissemination of content: the same path and identical resources are offered to very
heterogeneous learners. This one-size-fits-all approach ignores important differences
(prerequisites, pace, goals, recurring difficulties), which can reduce pedagogical efficiency and
engagement (Brusilovsky, 2001). Moreover, when personalisation is mainly based on
declarative "learning styles", the literature calls for caution: there are multiple models and
measurement instruments, and their empirical robustness is uneven (Coffield et al., 2004).

In this context, Adaptive Learning Systems (AAS) appear as a strategic response to the
diversity of profiles. Their principle is to observe, infer, and update a learner’s model
(knowledge, progression, errors, interaction preferences, etc.) in order to dynamically adapt the
content, navigation, guidance level, or even the teaching sequence (Brusilovsky & Millan,
2007; VanLehn, 2006). This adaptability is often based on knowledge modeling and mastery
monitoring techniques, such as knowledge tracing, which aims to estimate the evolution of the
state of knowledge over interactions (Corbett & Anderson, 1995).

Work on AASs mobilizes several complementary fields, notably artificial intelligence applied
to education, the analysis of learning traces (learning analytics), and educational data mining.
These disciplines provide methods to exploit usage data (clicks, times, responses, journeys,
etc.) in order to better understand and support learning (Baker & Inventado, 2014; Siemens,
2013). More recently, AI/ML-based approaches for adaptation in e-learning are the subject of
literature reviews that highlight both their potential (recommendation, dynamic paths,
feedback) and their limitations (data quality, explainability, bias) (Gligorea et al., 2023).

Despite this growing interest, the design and deployment of SAAs remain complex. The
challenges concern the validity of adaptation decisions and their evaluation, while research
syntheses show overall positive effects but dependent on contexts and comparators (du Boulay,
2016),ethical and legal issues related to the collection and exploitation of learning data,
including consent, transparency, purposes, and risks of over-interpretation or stigmatization
(Pardo & Siemens, 2014; Slade & Prinsloo, 2013), as well as compliance with data protection
frameworks, including the GDPR in Europe (European Parliament & Council of the European
Union, 2016).

Theoretical framework:

Adaptive learning systems (AAS) differ from traditional e-learning platforms by their ability
to automatically adjust their pedagogical behavior based on the individual characteristics of the
learner. (e.g., objectives, knowledge, interaction preferences). This section presents the main
theoretical foundations on which these systems are based, notably learner modeling
(Brusilovsky & Millan, 2007), the question of learning styles—to be used with caution in view
of the empirical limits often reported (Coffield et al., 2004; Pashler et al., 2008), technological
approaches derived from intelligent tutorial systems (VanLehn, 2006) and the analysis of
learning traces (Siemens, 2013), as well as pedagogical adaptation mechanisms (e.g.
adaptation of content, navigation, guidance level), frequently supported by mastery monitoring
methods such as knowledge tracing (Corbett & Anderson, 1995) (see Figure 1).
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1. Learner modeling:

Learner modeling is the heart of any adaptive system. It includes personal characteristics, prior
knowledge, observed behaviors, and, sometimes, certain preferences of the learner. This
information can be collected from explicit interactions (questionnaires, tests, self-reports) or
implicit ones (usage traces: navigation, time spent, clicks, activity sequences), in order to keep
a learning model up to date (Brusilovsky & Millan, 2007).

Techniques of educational data mining and artificial intelligence are often mobilized to analyze
these traces and build a dynamic profile, updated as the learner’s interactions and progress
(Baker & Inventado, 2014; Siemens, 2013).

2. Learning styles:

Adaptive Learning Systems (ALS) generally integrate instructional models inspired by
learning styles such as the Felder—Silverman model or Kolb’s experiential learning model in
order to adapt how content is presented (Felder & Silverman, 1988; Kolb, 1984). Some
approaches also refer to modality-based preferences (e.g., VARK), where learners may prefer
visual, auditory (aural), or kinesthetic formats, which can influence how they process
information (Fleming & Mills, 1992). Identifying a learner’s preferred modality can help
propose more appropriate learning materials, for example, videos, animations, and diagrams
for visual preferences; audio lectures/podcasts for auditory preferences; and simulations or
hands-on exercises for kinesthetic preferences (Fleming & Mills, 1992).

3. Technological approaches:

The functioning of Adaptive Learning Systems (AAS) relies on the integration of advanced
technologies such as artificial intelligence (Al), adaptive hypermedia, and data analysis. Al
(notably via machine learning approaches) contributes to customizing the educational journey
in real time and can support the identification of emerging needs from learning traces (Gligorea
etal., 2023; OECD, 2023).

Adaptive hypermedia, on the other hand, aims to dynamically adapt the structure, sequence,
and presentation of content based on a user model (Brusilovsky, 2001).

Finally, data analysis techniques (learning analytics / educational data mining) allow the
extraction of relevant behavioral models from interactions (progression, errors, time,
navigation) to feed adaptation mechanisms, including recommendation engines in learning
(Baker & Inventado, 2014; Siemens, 2013; Manouselis et al., 2011; Drachsler et al., 2015).
Together, these technologies promote a more fluid pedagogical adaptation, likely to strengthen
the autonomy, commitment, and success of learners.
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4. Pedagogical adaptation:

Pedagogical adaptation in Adaptive Learning Systems (AAS) can be practiced at several levels,
notably on the content, the learning path, and personalized recommendations. It consists of
selecting the most relevant educational resources, organizing the sequence of activities
according to the learner’s profile and performance, and providing targeted advice or feedback
to support knowledge acquisition. (Brusilovsky, 2001; Hattie & Timperley, 2007; Manouselis
etal., 2011).

This process aims in particular to better manage the cognitive load (by limiting unnecessary
overhead and supporting the construction of patterns), maintain motivation, and promote better
long-term retention (Sweller, 1988; Sweller et al., 1998; Ryan & Deci, 2000; Cepeda et al.,
20006).

Data
Analysis

Kinesthetic
Auditory

Adaptive
Hypermedia

Artificial
Intelligence

TECHNIQUES &
APPROACHES

LEARNER
MODELING

Personal

Characteristics

PEDAGOGICAL
ADAPTATION

Knowledge Learning Path

Figure 1. Taxonomy of Adaptive Learning Systems: Interactions between Learner Modeling, Pedagogical Adaptation, Learning Styles, and
Technical Approaches.

Existence study of Adaptive Learning Systems:

The first initiatives in terms of personalization of learning were structured at the end of the
1980s and during the 1990s with the rise of intelligent tutoring systems (ITS) and adaptive
educational hypermedia (Adaptive Hypermedia Systems, AHS). These systems have laid the
foundations for pedagogical adaptation by relying on expert rules, feedback/hints mechanisms,
and relatively simple learning models (VanLehn, 2006; Brusilovsky, 2001).
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Since then, technological advances have made it possible to introduce more sophisticated
adaptation mechanisms, integrating learning analytics and AI/ML approaches to update
dynamic models and support finer adaptation decisions (Siemens, 2013; Baker & Inventado,
2014).

In their study, Alshammari and Qtaish (2019) show that joint adaptation to the learning style
(perception dimension of the Felder—Silverman model) and level of knowledge produces
significantly higher learning gains than an adaptation based on only one of these factors. Their
approach is implemented and evaluated in an adaptive system applied to computer security
education (Alshammari & Qtaish, 2019).

Similarly, Kla$nja-Mili¢evi¢ et al. (2018) propose a personalized recommendation in e-
learning based on collaborative tagging; the article discusses and compares graph-based and
tensor-based approaches, relying on tensor factorization techniques for tag/resource
recommendation (Klasnja-Milicevi¢ et al., 2018).

Moreover, the thesis of Graf (2007) constitutes a notable contribution by proposing a method
for automatically identifying learning styles according to Felder—Silverman from behavior in
an LMS, as well as associated adaptation mechanisms, with an LMS-oriented implementation
(Graf, 2007).

In an applied research, Hammad (2011) describes a personalization framework on Moodle,
combining a user model based on the exploration of interaction data and an adaptation engine
aiming at a "live" adaptation of the journey according to progression (Hammad, 2011).

Finally, recent works explore forms of adaptation based on ML/NLP methods: Zhikharev et al.
(2022) describe a prototype that uses a recurrent neural network to analyze a text (essay) written
by the learner and classify it according to  perception  categories
(audial/visual/kinesthetic/digital), to generate content in a form deemed more suitable
(Zhikharev et al., 2022).

Overall, the state of the art highlights a diversity of approaches (pedagogical models,
recommendation, behavioral analysis, Al), but a persistent challenge concerns the integration
of these components into modular, scalable and privacy-friendly architectures, given the ethical
issues of exploiting learning traces and regulatory requirements (Slade & Prinsloo, 2013; Pardo
& Siemens, 2014; Regulation (EU) 2016/679).

Comparative study of adaptive learning systems:

In order to identify the strengths and limitations of the main adaptation approaches, we
conducted a comparison of several representative systems reported in the adaptive learning
literature (Martin et al., 2020; Somyiirek, 2015).

The table below summarizes five contributions according to four complementary dimensions
frequently mobilized to describe adaptive systems:

e The technology used (AI/ML, recommendation, adaptive hypermedia),
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e The target of adaptation (content, presentation, navigation/sequencing, feedback),

e The information used for personalization (profile, traces, level),

e The reported results (performance, relevance, adaptation efficiency) (Brusilovsky,
2001; Drachsler et al., 2015).

System / Reference

Technology Used

Primary
Adaptation Target

Reported Results

Adaptive cybersecurity
learning system

Al + learning model +
assessment

Learning style +
knowledge level

Significant improvement
in learning performance

Protus (Programming
Tutoring System)

Recommendation
(collaborative tagging) +
Al

User preferences +
user history

High relevance of
recommended content

Moodle FSLSM extension

Felder-Silverman model
+ Moodle integration

Learning styles

Successful behavior-
based personalization

Personalized Moodle with an
adaptive engine (APMoodle)

Moodle + adaptation
engine

Learner
profile/navigation

Effective real-time
adaptation

Neural-network-based
classification system (text-
based)

Neural networks + text
analysis

Cognitive
perception type

Experimental automatic
classification

The table highlights three main families of adaptation:

e Adaptation based on relatively stable learner characteristics (e.g., learning style and/or

knowledge level),

e Adaptation driven by interaction traces and recommendation mechanisms (preferences,
history, navigation),

® More recent AI/ML-based approaches (e.g., text analysis) are used to infer learner
attributes that can support personalization.
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Overall, these studies suggest that personalization can improve the relevance of learning
resources and support learning progress; however, effectiveness strongly depends on the
instructional context, data quality, and the concrete adaptation strategy implemented
(Brusilovsky, 2001; Drachsler et al., 2015; Martin et al., 2020).

Results should not be interpreted as directly comparable effect sizes, since studies differ in
learner populations, duration, evaluation metrics (performance, engagement, satisfaction), and
experimental designs. In addition, the use of learning traces raises important privacy and ethical
requirements (transparency, data minimization, and protection of personal data) (Pardo &
Siemens, 2014; Slade & Prinsloo, 2013; European Parliament and Council of the European
Union, 2016).

Discussion :

The analysis of the adaptive learning systems (AAS) studied highlights the variety of
personalization approaches and the progress made in adjusting the content, path and
recommendations. This diversity confirms the dynamism of the field, already documented in
the founding works on adaptive hypermedia and recent reviews, but it is also accompanied by
persistent design and evaluation challenges (Brusilovsky, 2001; Martin et al., 2020; Somyiirek,
2015).

A first observation concerns the heterogeneity of adaptation axes. Some systems prioritize
adaptation to learning styles, such as Graf’s work on integrating the Felder—Silverman model
into LMS-like environments, in order to generate differentiated pathways and presentations
(Graf, 2007).

Others explore more 'implicit' alternative signals, for example, the analysis of textual
productions and the use of neural networks to infer perception preferences and adapt the form
of content (Zhikharev et al., 2022).

If this plurality enriches the field, it makes it more difficult to compare systems directly,
especially since evaluation protocols vary (metrics, duration, scenarios, population).
Methodological frameworks dedicated to the evaluation of adaptive systems, such as the
"layered assessment" approach, are then useful for structuring the analysis and improving
comparability (Paramythis et al., 2010).

Secondly, several studies report gains in performance and/or satisfaction, particularly when
adaptation combines several dimensions of the profile (for example, learning styles + level of
knowledge) (Alshammari & Qtaish, 2019).

Similarly, pedagogical recommendation systems (e.g., based on interests and knowledge) show
real potential to personalize resources and support progression (Klasnja-Miliéevi¢ et al., 2011).

However, the literature highlights that validations often remain conducted in specific contexts
and on limited samples, which calls for strengthening external validity via replications,
longitudinal studies, and deployments in various contexts (Martin et al., 2020).
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Another issue concerns the balance between customization and cognitive load. Adaptations
that are too fine, too frequent, or not easily readable can increase the extrinsic load (disrupted
navigation, multiple options, path instability), which risks degrading learning despite good
intentions. These risks are consistent with the principles of cognitive load theory, which recalls
that learning strongly depends on managing the limited resources of working memory (Sweller,
1988).

Moreover, real-time adaptation devices (e.g., continuous adjustment engines in LMSs) pose
engineering (performance, scalability) and decision understanding challenges (Hammad, 2011;
Khosravi et al., 2022).

As such, explicability becomes a key factor: work shows that a certain level of transparency
can improve trust and acceptance, but that excessive transparency can also be
counterproductive (Kizilcec, 2016).

Ethical and regulatory issues related to learning data are finally at a critical point. SAAs often
rely on fine traces (time, clicks, performance, texts), which require explicit principles of
minimization, security, governance, and respect for learners' rights (Pardo & Siemens, 2014;
Slade & Prinsloo, 2013).

In a European context, compliance with the GDPR (legal basis, transparency, purpose,
access/deletion rights, etc.) is a prerequisite for any large-scale deployment (Regulation (EU)
2016/679).

Finally, a transversal challenge concerns the educational co-construction and control by the
learner. A promising avenue is to move part of the adaptation towards 'open' models where the
learner can inspect, understand, and sometimes negotiate their model (open learner models),
which supports metacognition and autonomy (Bull & Kay, 2007; Bull & Kay, 2016).

In summary, AASs have strong potential to improve engagement and efficiency, but their
maturity will depend on:

® More standardized and cumulative evaluation methods,
® More robust and transferable validations,
e Efficient and explainable architectures,

e An integration «privacy-by-design» compliant with ethical and legal frameworks.
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