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Abstract—This study presents a systematic and deployment-
oriented analysis of machine learning (ML) techniques for
learning style identification in adaptive digital environments. A
total of 57 peer-reviewed studies published between 2020 and 2025
were analysed using a PRISMA-guided methodology. Beyond
descriptive synthesis, the review systematically examines
algorithmic paradigms, multimodal data integration strategies,
evaluation protocols, and deployment readiness characteristics.
The findings reveal that classical supervised models remain
prevalent in small-scale applications, while deep learning and
ensemble methods demonstrate improved performance in high-
dimensional  behavioural datasets. However, significant
heterogeneity exists in validation strategies, fusion architectures,
and system scalability. To address these limitations, this study
proposes a deployment-oriented architectural framework that
integrates: 1) context-aware model selection, 2) structured
multimodal fusion design, 3) layered explainability mechanisms,
and 4) a four-level deployment maturity evaluation model. The
framework provides a unified system-level perspective that shifts
emphasis from isolated performance optimization toward
scalable, interpretable, and integration-ready ML system design.
This work contributes a structured computational blueprint for
developing robust and deployment-aware learning style
identification systems in intelligent educational platforms.
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I.  INTRODUCTION

The rapid expansion of digital learning platforms has
generated large-scale behavioural and interaction data,
accelerating the development of machine learning (ML)-driven
intelligent systems for educational analytics. Within this
computational context, learning style identification (LSI) has
evolved into a classification and modelling problem requiring
robust algorithms, structured feature representation, and
scalable system integration. Traditional LSI approaches,
typically based on static self-report instruments such as the
Felder-Silverman Learning Style Model (FSLSM), VARK, or
Kolb’s framework, are constrained by limited adaptability and
delayed feedback mechanisms. Consequently, ML techniques
have increasingly been employed to infer learner characteristics
from behavioural logs, textual interactions, and multimodal data
streams [1], [2].

Recent studies demonstrate the integration of ML models
into intelligent tutoring systems and large-scale learning
management systems (LMS), reflecting a shift toward data-
drivenlearnermodelling[3],[4]. A wide range of computational
paradigms have been applied, including decision trees, support
vector machines, deep neural networks, and ensemble learning
architectures operating on heterogeneous data sources such as
clickstream records and academic performance metrics [5], [6].
While classification performance has improved across reported
studies, gains in accuracy alone do not ensure reproducibility,
generalization, or scalable deployment.

Despitethesetechnical developments, several computational
limitations remain evident. Algorithmic comparisons are
frequently conducted on isolated datasets without systematic
cross-context validation, constraining generalization claims [7].
Multimodal data integration is often implemented through direct
feature concatenation rather than architecturally principled
fusion mechanisms, limiting robustness under heterogeneous or
incomplete data conditions [8]. In addition, evaluation practices
vary substantially, with heavy reliance on single-metric
reporting and limited incorporation of uncertainty estimation or
external validation protocols [9]. Although faimness,
transparency, and privacy are increasingly discussed within Al
systems research, they are seldom operationalized within LS
modelling architectures in a structured manner [ 10]. These gaps
suggest that whilealgorithmic experimentation is advancing, the
field lacks a unified system-level design perspective for scalable
and deployment-ready ML-based LS systems.

Existing review studies have largely catalogued algorithms
or summarized reported performance metrics, providing
descriptive overviews but limited architectural guidance. Unlike
prior reviews that primarily enumerate algorithms, the present
study develops a deployment-oriented computational
framework thatintegrates modelling, evaluation, explainability,
and system readiness within a unified design perspective. As
machine learning systems transition from experimental
prototypes toward integrated adaptive platforms, there is a
growing need for structured computational frameworks that
connect model selection strategies, multimodal fusion design,
validation rigor, and deployment readiness.

To address this gap, this study conducts a systematic review
of 57 peer-reviewed publications published between 2020 and
2025, following PRISMA 2020 guidelines [11]. Rather than
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providing a purely descriptive synthesis, the review reorganizes
the literature across three primary analytical dimensions: 1)
algorithmic paradigm evolution, 2) multimodal data integration
strategies, and 3) evaluation and validation practices. Building
upon this synthesis, the study proposes a deployment-oriented
framework for machine learning-based learning style
identification systems that integrates a context-sensitive model
selection matrix, structured multimodal fusion architectures,
layered explainability mechanisms, embedded ethical design
checkpoints, and a four-level deployment maturity model.

The contributions ofthisworkarethreefold. First, it provides
a structured computational synthesis of contemporary ML
approaches for LSI, emphasizing scalability, robustness, and
generalization characteristics. Second, it introduces a
deployment-oriented architectural framework translating
empirical trends into system-level design guidance. Third, it
proposes a maturity-based evaluation model to assess
deployment readiness within adaptive intelligent systems.

By reframing LSI as a system design and deployment
challenge rather than solely a predictive task, this study
contributes a structured computational blueprint for scalable,
interpretable, and integration-ready ML-based learning style
systems.

In this study, deployment maturity is defined as the extent to
which a machine learning system progresses from experimental
validation to scalable, real-time, and context-adaptive
integration within operational educational environments.

This study is guided by the following overarching research
question: How can machine learning-based learning style
identification systems be systematically designed to achieve
scalability, robustness, interpretability, and deployment
readiness in real-world educational environments?

The remainder of this study is structured as follows:
SectionIl reviews related work on machine learning-based
learning style identification. Section III presents the systematic
review methodology. Section IV provides the analytical
synthesis of findings. Section V introduces the proposed
deployment-oriented framework. Section VI discusses practical
implications and best practices, while Section VII details the
limitations of the study and outlines future research directions.
Section VIII concludes the study.

II. RELATED WORK

Research on learning style (LS) identification has
progressively shifted from traditional rule-based and
questionnaire-driven approaches toward automated machine
learning (ML) and deep learning (DL) systems. Conventional
LS models such as the Felder-Silverman Learning Style Model
(FSLSM), VARK, and Kolb’s experiential learning framework
have been widely adopted as conceptual foundations for
personalization. However, their operationalization through static
instruments has raised concemns regarding scalability and real-
time adaptability [12]. To address these limitations, data-driven
ML techniques have increasingly been employed to infer
learning styles from interaction data [13].

Recent studies have explored a range of supervised, semi-
supervised, and clustering-based approaches. Classical
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classifiers, including decision trees, SVM, logistic regression,
and k-nearest neighbours remain widely applied due to
interpretability and suitability for small institutional datasets
[14],]15]. Ensemble methods and feature selection techniques
have been introduced to improve robustness, particularly in
imbalanced datasets [16], [17]. At the same time, hybrid and
deep learning architectures combining LSTM, transformer-
based models, and clustering strategies have emerged in MOOC
and large-scale LMS contexts, enabling automated feature
extraction and sequential pattern modelling [18], [19].

Despite these advances, several structural limitations persist.
Many studies rely on limited or course-specific datasets,
restricting generalizability. Validation is often conducted within
a single institutional context, and systematic cross-domain
evaluation remains rare. Furthermore, multimodal integration
strategies are frequently implemented using straightforward
concatenation or aggregation methods, without principled
fusion architectures. These patterns indicate that while
predictive performance has improved, architectural and
validation standards remain inconsistent.

Beyond learning style identification, ML has been widely
applied to adjacent educational domains, including student
dropout prediction, academic performance forecasting, adaptive
content recommendation, and support for learners with special
needs [20], [21], [22]. These applications demonstrate the
versatility of ML techniques, ranging from classical classifiers
to deep learning and explainable Al (XAI) tools suchas SHAP
and LIME, but also highlight recurring challenges related to
dataset bias, interpretability, and deployment scalability.

Existing review studies in LS modelling have primarily
catalogued algorithms or compared reported performance
metrics. Few have systematically examined how algorithm
choice, data modality integration, evaluation practices, and
deployment considerations interact within adaptive educational
systems. Consequently, there remains a need for structured
synthesis that bridges technical modelling advances with
system-level design guidance.

This study addresses thatneed by providinga systematic and
analytically structured review of ML approaches for learning
style identification, positioning algorithmic evolution,
validationpractices,and multimodal integration within a unified
deployment-oriented perspective.

III. METHODOLOGY

This systematicreview followed a structured and transparent
process designed to address the study objectives and research
questions. The methodology comprised research question
formulation, database search, eligibility screening, quality
assessment, data extraction, and analytical synthesis. Peer-
reviewed studies published between 2020 and 2025 were
retrieved from selected academic databases using predefined
inclusion and exclusion criteria. Relevant variables, including
machine learning techniques, dataset characteristics, evaluation
metrics, and key findings, were extracted from the selected
studies. Fig. 1 presents the overall systematic review workflow
adopted in this study. The process began with planning and the
formulation of specific research questions, followed by a
structured search across selected databases. Identified records
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were screened using predefined inclusion and exclusion criteria,
after which eligible studies underwent quality assessment. Only
studies meeting the specified threshold were retained for
detailed data collection and analysis. This structured approach
ensured that the review remained focused, transparent, and
aligned with the study objectives.

A qualitative analytical synthesis was conducted to identify
recurring themes, research trends, and evidence gaps. The
review process adhered to the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines,
as illustrated in Fig. 2, to ensure transparency and completeness
[11],and the PRISMA checklistis contained in the Appendix.
Additional research supporttools were used to enhance review
quality. Bibliometric analysis was performed using RStudio to
explore keyword co-occurrence, Harzing’s Publish or Perish
was used to retrieve and analyse relevant articles, SciSpace
assisted withliterature screening and insight extraction [23], and
Zotero was used to organize references. A total of 57 studies
were ultimately included from an initial pool of 2,816 records
after duplicate removal, date and language filtering, abstract
screening, and full-text assessment. This rigorous process
ensured that only relevant and recent studies on machine
learning-based learning style identification were retained.

Formulate research questions

Search process

Set inclusion & Exclusion
criteria

(=]

Score higher
than
threshold?

No
Exclude paper
> pape

Data analysis

Fig. 1. Systematic review workflow.

A. Planning Phase

In this phase, the necessary steps to achieve the research
objectives were identified. The study focuses on identifying LS
using improved ML techniques. Also, both strategic and
technical strategies to ensure that the rest of the proposed
techniques can be executed systematically and consistently were
identified. This planning phase served as the foundation for the
successful implementation of the SLR method.
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B. Research Questions and Motivations

This section presents the research questions investigated in
the current SLR study and the motivations behind them. The
motivations come from the noteworthy achievements of the
work using ML techniques to identify LS. For instance, most
studies haveindicatedthat ML is essential to accurately improve
LSI. Table I provides a clear outline of the research questions
along with the motivations for exploring each question in the
context of identifying LSI using enhanced ML techniques.

TABLE L. RESEARCH QUESTIONS AND MOTIVATIONS

Research Question Motivation

RQI: What are the state-of-the-art ML
techniques currently being employed
to identify LS in educational contexts,
and how do they compare in terms of
accuracy and effectiveness?

RQ2: How do enhanced ML
techniques improve the identification

To understand the current
landscape of ML methods used
in LS identification and evaluate
their performance.

To assess the advancements
made over traditional methods

of LS over traditional methods, and
what are the key metrics used to
evaluate these improvements?

and determine the effectiveness
of these improvements using
standard metrics.

RQ3: How do different data sources
and feature selection methods impact
the performance and accuracy of LS
prediction models?

To understand the importance of
different types of data and
features in  predicting LS
accurately.

C. Search Strategy and Term Justification

A comprehensive literature search was conducted across
IEEE, Web of Science, Scopus, Google Scholar, and
ScienceDirect. The core search expression was ("Machine
learning" OR "Enhanced Machine Learning") AND ("Learning
styles" OR "Learning style"). To improve search sensitivity and
capture a broader spectrum of relevant studies, the expanded
Boolean strategy also considered related terms such as
"classification”, "deep learning", "ensemble learning",
"personalized learning", "explainability", "student modeling",
and "educational data mining". The review focused on studies
published between 2020 and 2025 to reflect post-COVID-19
developments in online and adaptive learning, including the
recent growth of deep learning, explainable Al and hybrid
modelling approaches. The databases and corresponding search
strings are presented in Table II.

D. Inclusion and Exclusion Criteria

The selection of studies for this review was guided by clearly
defined inclusion and exclusion criteria. To be considered,
studies had to be peer-reviewed journal or conference papers
published between 2020 and 2025, written in English, and
explicitly focused on the application of machine learning
techniques to learning style identification. Additionally, only
studies that employed empirical data or included experimental
analysis were included. On the other hand, studies were
excludedif they did not align with the objectives of the review
for instance, those centred solely on theoretical frameworks
without practical implementation. Non-peer-reviewed materials
such as editorials and opinion pieces were also excluded.
Duplicate publications and studies that lacked sufficient detail
regardingthe machine learning methods used or their evaluation
metrics were removed from consideration. A summary of these
criteria is presented in Table IIL
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TABLE II. DATABASE SEARCH STRATEGY AND RETRIEVED STUDY DISTRIBUTION ACROSS DIGITAL LIBRARIES
Digital . i
Database Field Search Strings No. of result
IEEE All ("Machine learning" OR "Enhanced Machine Learning") AND ("Learning styles" OR "Learning style") 204
Web of Science All ("Machine learning" OR "Enhanced Machine Learning") AND ("Learning styles" OR "Learning style") 178
TITLE-ABS- . . . . . .

Scopus KEY S ("Machine learning" OR "Enhanced Machine Learning") AND ("Learning styles" OR "Learning style") 325

Science Direct All ("Machine learning" OR "Enhanced Machine Learning") AND ("Learning styles" OR "Learning style") 1336

Google Scholar | All ("Machine learning" OR "Enhanced Machine Learning") AND ("Learning styles" OR "Learning style") 773

Overall 2816
QA3: Are the types of dataand features used in the

TABLEIII.  INCLUSION AND EXCLUSION CRITERIA study clearly described and appropriate for the [ RQ3

research questions?

Exclusion Criteria for the
paper to be excluded

Inclusion Criteria for the paper to
be included

- TABLE V. QUALITY ASSESSMENT SCORING MATRIX
Papers published between 2020 and Papers published before 2020.
2025 only. Quality Assessment Scoring Criteria Score
Paperrelated to Research question 1 to | Paper notrelated to the research The author(s) have provided a detailed, explicit, and N
Research question 3 (RQI to RQ3) question RQI to RQ3. clear understanding of the answers of the specific RQ. High=H=1
Published conferences and journal | Paper not  published in The author(s) have provided some general
paper. conferences and journal. explanation, but not detailed, explicit, and clear | Medium=M=0.5
Peer review Papers/article only Not peer review Papers/article understanding on the answers to the specific RQ.
Papers written in English language . . . The author(s) have provided no and very few
onllay. ¢ S| Not written in English language. technical d;(ta)ils to theipeciﬁc RQ. i Low=L=0

Open access paper. Not open access papers.

Duplicate.

E. Quality Assessment

The quality assessment process was carried out to limit the
scope of data collection and to ensure targeted and reliable
analysis. The main objective was to assess the extent to which
each selected study answered the research questions outlined in
this review [24]. To maintain objectivity, two independent
reviewers assessed the studies against a set of predefined
questions aligned with the research objectives. Inter-rater
reliability was measured using Cohen’s Kappa. The coefficient
of k = 0.75 indicates a high level of agreement [24]. This
procedure helped to accurately identify relevant studies and
filter out those that did not fulfil the criteria. Table IV shows the
three quality assessment questions that were used to guide this
assessment, while Table V shows the scoring matrix for each
study. These questions were specifically selected based on their
alignment withthe objectivesofthe study andtheireffectiveness
in determining relevance. Each paper could receive a maximum
score of 3, and studies that achieved a score of 2 or higher were
included because they either demonstrated a general,
comprehensive analysis with sufficient detail or provided a
strong, well-supported examination of the topic. The quality
scores assigned to each of the articles reviewed are summarized
in Table VL

TABLEIV. QUALITY ASSESSMENT AND QUESTIONNAIRE

Relevant to the

Quality Assessment Question Research Question

QAL: Is the research objective clearly stated and
aligned with the study's focus on identifying | RQI
learning styles using machine learning techniques?

QA2: Are the machine learning techniques and
evaluation metrics used in the study clearly | RQ2
described and justified?

F. Data Collection

Following quality assessment, data extraction was
conducted using a structured coding protocol. Each study was
systematically analysed across predefined dimensions,
including algorithmic paradigm, data modality, feature
engineering strategy, evaluation metrics, and validation
protocol. To ensure consistency, extracted variables were
normalized into unified categorical and numerical
representations. Studies were subsequently grouped into
analytical clusters to support cross-study comparison and
synthesis. This structured approach enabled the identification of
recurring methodological pattens and facilitated cross-
dimensional analysis aligned with the research questions. The
overall review process followed the PRISMA framework,
ensuring that the methodology was systematic, transparent, and
rigorous, as illustrated in Fig. 2.

of Studies via (PRISMA 2020)

13 IEEE Scopus Web of Science Google Scholar || ScienceDirect
g (n=204) (n=325) (n=178) (n=773) (n=1336)

| “— > S OUSES
£ ]’ i i :
§ - Overall Studies Searched (n = 2816) -

Exclusion by:

‘ Articles After Removing Duplicates © Duplicate Articles (n = 671)
2| (n=2145) ® Non Open Access  (n = 1023)
§  Title Not Related  (n = 451)

g L Total Excluded (n = 2145)
Articles Screened (Title & Abstract)
J (n=671) {  Gxclusion by Scresning Criteris: |
T « Abstract Not Related (n = 289)
2 4 —eseeeees @ Non-Empirical Papers (n = 84)
= * Non-English (n = 32)
2 Full-Text Articles Assessed for Eligibility
S * Outside 20202025 (n = 12)
@ (n=254)
Total (n=417)

Exclusion by Quality Assessment:

+ -

Studies Included After Full-Text Review
(n=57) (h=21)

T Total Excluded (n = 197)

* Quality Score < 2.0 (n = 176)

* Not Focused on LS Identification

Include

v
Final Studies Included in the Review

Fig.2. PRISMA flow diagram.
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G. Data Analysis

The data analysis stage synthesized the extracted evidence to
answer the research questions defined for this study. Analytical
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grouping, comparative interpretation, and quality assessment
scores were used to organize the reviewed literature and identify
dominant patterns. The article list and corresponding quality
assessment scores are presented in Table VL.

TABLE VI. ARTICLES STUDIED AND QUALITY ASSESSMENT REPORT

Article Studied References Publisher Type Q1 Q2 | Q3 | Score
ASO1 [25] Education and Information Technologies Journal 1.0 [ 1.0 | 05 | 25
AS02 [26] IEEE Journal 1.0 [ 1.0 | 05 | 25
AS03 [27] Applied Sciences Journal 1.0 [ 1.0 | 1.0 | 3.0
AS04 [28] International Journal of Advanced Computer Science and Applications Journal 1.0 | 1.0 | 1.0 | 3.0
ASO05 [29] Cluster Computing Journal 1.0 | 1.0 | 1.0 | 3.0
AS06 [30] Intelligent Systems with Applications Conference 1.0 | 1.0 | 05 | 25
AS07 [31] International Conference on Electrical Engineering conference 1.0 | 1.0 | 1.0 | 3.0
AS08 [32] IEEE Access Journal 1.0 | 1.0 | 05 | 25
AS09 [33] Journal of Computer Science Journal 1.0 [ 05 ] 05 |20
AS10 [34] International Journal of Advanced Computer Science and Applications Journal 1.0 | 1.0 | 1.0 | 3.0
ASI11 [35] International Journal Journal 1.0 [ 1.0 | 05 | 25
ASI12 [36] Journal of Cloud Computing Journal 1.0 [ 1.0 | 05 | 25
AS13 [37] IEEE Access Journal 1.0 [ 1.0 | 1.0 | 3.0
AS14 [38] Applied Sciences Journal 1.0 | 1.0 | 1.0 | 3.0
ASI15 [39] Expert Systems with Applications Journal 1.0 | 05 105 |20
AS16 [40] IEEE Access Joumnal 1.0 | 05 |05 | 25
AS17 [41] IEEE Access Journal 1.0 | 1.0 | 05 | 25
AS18 [42] The journal of contemporary issues in business and government Joumnal 1.0 [ 1.0 | 1.0 | 3.0
AS19 [43] Computational Intelligence and Neuroscience Journal 1.0 | 1.0 | 05 | 25
AS20 [44] IEEE ACCESS Journal 1.0 [ 05 ] 1.0 | 20
AS21 [45] Data Mining and Big Data Conference 1.0 [ 1.0 | 05 | 2.0
AS22 [15] International Conference on Education Technology and Computers Conference 1.0 | 1.0 | 1.0 | 3.0
AS23 [46] IEEE ACCESS Journal 10 | 1.0 | 05 | 25
AS24 [47] Journal of Universal Computer Science Journal 1.0 | 1.0 | 05 | 20
AS25 [48] International Journal of Electrical and Computer Engineering Journal 1.0 | 1.0 | 1.0 | 3.0
AS26 [49] ggzﬁizgﬁzlar?;%irﬁggleog?n Innovative Research in Applied Science, Conference 10 los |os |20
AS27 [50] Journal of Networking and Network Applications Journal 1.0 | 1.0 | 1.0 | 3.0
AS28 [51] Expert systems with applications Journal 1.0 | 1.0 | 1.0 | 3.0
AS29 [52] Information Journal 1.0 [ 1.0 [ 05 | 2.5
AS30 [53] IEEE Access Journal 1.0 1 05 |05 | 20
AS31 [54] Cluster Computing Journal 1.0 | 1.0 | 1.0 | 3.0
AS32 [55] Indonesian Journal of Electrical Engineering and Computer Science Journal 1.0 | 1.0 | 05 | 25
AS33 [56] International Conference on Electrical, Computer and Energy Technologies | Conference 1.0 | 1.0 | 1.0 | 3.0
AS34 [57] Applied Sciences Journal 1.0 | 1.0 | 05 | 25
AS35 [58] JURNAL INFOTEL Journal 1.0 | 1.0 [ 05 |25
AS36 [59] International Journal of Emerging Technologies in Learning Journal 1.0 [ 1.0 | 05 | 25
AS37 [60] International Journal of Advanced and Applied Sciences Journal 1.0 | 1.0 | 0.5 | 25
AS38 [12] International Journal of Emerging Technologies in Learning Journal 1.0 | 05 105 |20
AS39 [13] ggzﬁzzﬁﬁzlagg%irggsleog?n Innovative Research in Applied Science, Conference 10110110130
AS40 [61] IEEE Access Journal 1.0 | 05 105 | 20
AS41 [62] Cogent Education Journal 1.0 | 05 105 | 20
AS42 [63] High Tech and Innovation Journal Journal 1.0 | 1.0 | 1.0 | 3.0
AS43 [64] Education Sciences Journal 1.0 | 1.0 | 05 | 25
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AS44 [65] Journal of Engineering Education Transformations Journal 05105 |10 |20
AS45 [66] International Conference on Computer Science and Education Conference 1.0 | 05 | 1.0 | 25
AS46 [14] IEEE Transactions on Learning Technologies Journal 1.0 [ 05 ] 05 |20
AS47 [2] Education and Information Technologies Journal 1.0 [ 1.0 | 05 | 25
AS48 [17] IEEE Transactions on Learning Technologies Journal 1.0 [ 05 ] 05 |20
AS49 [16] International Journal of Advanced Computer Science and Application Journal 1.0 | 1.0 | 1.0 | 3.0
AS50 [67] Asian Journal of Research in Computer Science Journal 1.0 [ 1.0 | 05 | 25
AS51 [18] Information Journal 1.0 | 1.0 | 1.0 | 3.0
AS52 [19] Applied Soft Computing Journal 1.0 | 1.0 | 1.0 | 3.0
AS53 [68] IEEE Access Journal 1.0 1.0 | 05 | 25
AS54 [1] Journal of Computer in Education Journal 1.0 [ 1.0 [ 05 | 2.5
AS55 [69] IEEE Access Journal 1.0 | 0.5 1.0 | 25
AS56 [70] Intelligent Systems with Applications Journal 1.0 | 1.0 | 1.0 | 3.0
AS57 [71] IEEE Access Journal 1.0 | 1.0 | 1.0 | 3.0

IV. RESULTS AND ANALYTICAL SYNTHESIS

This section presents a structured analytical synthesis of 57
studies published between 2020 and 2025. Rather than merely
enumerating algorithms, the literature is reorganized across
three primary analytical dimensions: algorithmic paradigm
evolution, evaluation and validation practices, and multimodal
data integration, followed by a cross-dimensional synthesis
emphasizing deployment readiness. This analytical structure
provides a clearer understanding of how learning style
identification research is evolving toward scalable adaptive
systems.

¢ % @
% 2.
o pe _9
b macgihe ledrning K S
) Vot

learning style

Fig. 3. Keyword co-occurrence network of ML-based learning style research.

Fig. 3 presents the keyword co-occurrence network derived
from the reviewed corpus, illustrating the conceptual structure
of ML-based learning style research. Two dominant thematic
clustersare observable. The first cluster centres on technological
constructs; including machine learning, deep learning, artificial
intelligence, and learning analytics indicating a strong emphasis
on computational modelling and predictive techniques. The
second cluster emphasizes educational constructs such as
learning style, e-learning, classification, and adaptive learning,
reflecting application-driven personalization within digital
environments. The interconnection between these clusters
highlights the interdisciplinary nature of the field, where
algorithmic innovation intersects with pedagogical objectives.
The presence of terms such as MOOCs and intelligent systems

suggests increasing attention toward scalable and adaptive
deployment contexts. Collectively, the network structure
reinforces the need for integrative frameworks that coordinate
technological advancement with educational system design.

Unless otherwise stated, percentage values reported in this
section represent proportional counts of reviewed studies
categorized according to their primary methodological
orientation. Some studies exhibit methodological overlap across
categories; therefore, percentages are intended to indicate
dominantpatterns rather than mutually exclusive classification
totals.

A. RQI: Algorithmic Landscape and Paradigm Evolution

This section addresses RQ1 by examining the dominant
machine learning paradigms employed for learning style
identification and analysing their comparative performance
characteristics, contextual suitability, and evolutionary trends
across the reviewed studies.

1) Classical supervised models: Classical supervised
learning approaches, including Decision Trees, Support Vector
Machines (SVM), Logistic Regression, and k-Nearest
Neighbours (k-NN), dominated early studies between 2020 and
2022 [15],[29],[39],[47],[55]. These models were frequently
adopted due to their interpretability, relatively low
computational requirements, and suitability for small or
institution-level datasets. In contexts where datasetsizes were
limited and featuresets were manually engineered, suchmodels
provided stable and explainable classification performance.
However, their predictive effectiveness often depended heavily
on handcrafted feature extraction and preprocessing strategies.
Several studies reported performance degradation when
datasets were imbalanced or insufficiently representative, with
overfitting risks particularly evident in small-sample
institutional deployments [39],[57], [70]. While these models
remain attractive for classroom-scale adaptive tools, their
robustness across heterogeneous learning environments
appears constrained.

Analytical observation: Classical supervised approaches
continue to provide accessible and interpretable solutions but
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demonstrate limited generalizability across diverse educational
contexts.

2) Deep representation learning: From 2022 onward, there
has been a noticeable increase in the adoption of deep learning
architectures, particularly Convolutional Neural Networks
(CNN), Recurrent Neural Networks (RNN), and autoencoder-
based models [14], [46], [54], [68]. These approaches were
predominantly applied in MOOC-scale and large LMS datasets
characterized by high-dimensional interaction logs and
sequential behavioural data. Deep architectures enabled
automatic extraction of latent behavioural patterns, reduced
dependence on manual feature engineering, and improved
classification stability in data-rich environments. In several
cases, deep models outperformed traditional classifiers when
sufficient training data were available. However, most
implementations were validated within single datasets, and
cross-institution or cross-context validation was rarely
performed. Additionally, limited integration of interpretability
mechanisms was observed, raising concerns regarding
transparency and stakeholder trust in educational settings.

Analytical observation: Deep representation learning
enhances predictive capacity in large-scale digital environments
but introduces transparency and generalization challenges that
may constrain institutional adoption.

3) Ensemble optimization approaches: Ensemble-based
methods, including Random Forest, Gradient Boosting, and
Extreme Gradient Boosting (XGBoost), demonstrated
consistently strong reported performance across multiple
datasets [15],[33], [43], [52]. By aggregating predictions from
multiple base learners, these approaches improved robustness
under noisy feature conditions and mitigated overfitting risks
associated with single-model classifiers. Ensemble strategies
were particularly effective when heterogeneous feature types
were combined, including behavioural metrics, academic
records, and demographic indicators. Nevertheless, while
ensembles often provided improved predictive stability,
interpretability trade-offs persisted, especially in boosting-
based implementations.

Key pattern identified: Ensemble methods appear to offera
practical balance between predictive robustness and
interpretability, positioning them as strong candidates for
intermediate-scale adaptive learning systems.

4) Hybrid and multimodal architectures: A growing subset
of studies explored hybrid and multimodal architectures that
integrate multiple data sources, including behavioural logs,
textual content, physiological signals, and demographic
information [17],[18],[19]. These approaches often combined
deep feature extraction modules with classical classifiers or
ensemble layers, thereby leveraging complementary strengths
across modelling paradigms. Hybrid configurations
demonstrated improved cross-feature robustness and
adaptability, particularly in contexts where behavioural signals
alone were insufficient for accurate classification. However,

Vol. 17, No. 3, 2026

structured multimodal fusion strategies such as attention
mechanisms, modality weighting, or dropout-based robustness
techniques were rarely implemented. Most studies relied on
simple feature concatenation or late-stage aggregation.

Emerging trend: The field is progressively shifting from
single-modality classification toward multimodal adaptive
modelling, although systematic architectural principles for
fusion remain underdeveloped.

Across the 57 reviewed studies, 51% employed classical
supervised models as their primary modelling paradigm, 32%
utilized deep learning architectures, and 16% implemented
ensemble techniques. Although deep learning adoption is
increasing, classical approaches remain dominant in small-scale
institutional contexts, while multimodal and hybrid systems
represent an emerging but still developing direction.

Table VII provides a consolidated distribution of machine
learning techniques identified across the reviewed studies,
supporting the aggregated paradigm-level analysis presented
above.

TABLE VII. DISTRIBUTION OF MACHINE LEARNING TECHNIQUES ACROSS
REVIEWED STUDIES (2020-2025)

ML . .
Category Technique Frequency Studied IDs
AS47,AS21, AS22,
AS38, AS42, AS45,
K-Means, 12 AS25, AS27, AS16,
. ASO1, AS04, AS06
Clustering - -
Hierarchical
. 1 AS14
Clustering,
Gaussian  Mixture
Models (GMM) ! AS28
Logistic 4 AS49, AS24, AS55,
Regression, AS57
AS40, AS46, AS42,
.. AS19, AS13, AS14,
Decision Trees, 11 ASI17. AS0S. ASSS.
AS56. AS57
Classification AS47, AS15, AS32,
Support Vector |, AS22, AS35, ASSS,
Machines (SVM), AS56
;'ggflfirs « | AS32, AS22, AS29,
\N), AS56, AS57
Naive Bayes 2 AS24, AS55
AS37, AS27, AS16,
NLP TF-IDF, 7 AS08, AS09, AS10,
AS18
Naive Bayes, 3 AS41, AS19, ASO8
Bayesmll(n Belief 1 AS42
Bayesian Networks,
Network Gaussian Naive 1 AS35
Bayes,
Bayesian Network | AS33, AS04, AS07
Classifiers
Convolutional AS50, AS23, AS31,
Neural Networks | 10 AS34, AS36, AS17,
CNN AS03, AS09, AS12,
Deep (CNN), AS57
learning Recurrent  Neural | AS53, AS54, AS48,
Networks (RNN), AS51, AS10, AS18
Autoencoders, 1 AS46
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Generative
Adversarial 1 AS52
Networks (GANs),

AS50, AS43, AS19,

Random Forests, 5 AS34. AS09
Ensemble Gradient Boosting
Machines (GBM), | 2 AS54, AS29
XGBoost, 2 AS15, AS22
AS43, AS44, AS20,
Others 8 AS26, AS30, AS33,

AS34, AS11

The distribution reinforces the continued dominance of
classical supervised approaches, while highlighting the
increasing presence of deep learning and ensemble techniques
in recent years.

B. RQ2: Evaluation Practices and Performance Patterns

This section addresses RQ2 by examining how machine
learning models for learning style identification are evaluated,
which performance metrics are reported, and how validation
strategies influence the interpretation of effectiveness across
educational contexts.

1) Performance metrics and reporting standards: Across
the reviewed literature, accuracy was the dominant evaluation
metric, reported in 89% of studies. F1-score was reported in
54% of cases, while precision and recall were separately
documented in 37% of studies. However, fewer than 10% of
publications reported confidence intervals, and only 18%
provided measures of variance such as standard deviation. This
heavy reliance on accuracy as a primary metric limits
meaningful cross-study comparison, particularly in contexts
where classimbalanceis present. In learning style identification
tasks, where distributional skew may occur across preference
categories, exclusive dependence on accuracy can obscure
misclassification patterns. The relatively limited reporting of
uncertainty measures further constrains the reproducibility and
statistical interpretability of results.

Analytical observation: Evaluation practices remain metric-
centric rather than reliability-centric, with insufficient emphasis
on uncertainty quantification and robustness analysis.

2) Validation protocols and generalization: Validation
strategies varied considerably across the reviewed studies.
Approximately 63% employed k-fold cross-validation, while
28% relied on simple hold-out validation. Only 7% of studies
conducted cross-dataset or cross-institution validation.
Longitudinal validation, in which models are tested across
different academic cohorts or time periods, was rarely
observed. Although k-fold cross-validation enhances internal
reliability, it does not guarantee cross-context generalization.
The limited adoption ofexternal validation protocols suggests
that many models remain optimized for dataset-specific
conditions rather than scalable educational deployment.
Furthermore, few studies reported hyperparameter tuning
strategies or ablation analyses, making replication challenging.
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Analytical Observation: While internal validation practices are
common, cross-context generalization remains underexplored,
constraining claims of scalability.

3) Comparative performance patterns: When comparing
algorithmic categories, ensemble and deep learning approaches
frequently reported higher predictive performance relative to
classical supervised models, particularly in data-rich
environments [1],[17],[64],[67],[68]. However, performance
improvements were often incremental rather than
transformative and were highly dependent on dataset
characteristics, feature engineering quality, and validation
protocol. Notably, studies incorporating multimodal data
sources tended to report improved classification stability
compared to unimodal implementations. Nevertheless, direct
cross-study performance comparison remains difficult due to
inconsistent reporting standards and heterogeneous dataset
characteristics. A cross-study comparative analysis further
indicates that ensemble and deep learningapproaches generally
outperform classical supervised models in data-rich
environments, particularly when multimodal inputs are
incorporated. However, performance improvements remain
context-dependent and strongly influenced by dataset scale,
feature engineering quality, and validation strategy. This
indicates that algorithmic superiority cannot be assessed in
isolation but must be interpreted within the broader system
design context.

Key pattern identified: Reported performance gains are
strongly influenced by dataset scale, feature design, and
validation strategy, suggesting that algorithmic superiority
cannot be assessed independently of contextual factors.

Fig. 4 visualizes comparative performance trends across
modelling paradigms using a qualitative aggregation scale (1-5)
toreflectrelative consistency and strength of reported outcomes.
Owing to methodological heterogeneity across studies, the scale
represents synthesized performance patterns rather than
standardized benchmark comparisons. The heatmap, therefore,
highlights cross-metric trends and variability without implying
direct statistical equivalence between algorithms.

Heatmap: ML Methods vs. Performance Metrics

5.00
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RNN - 3 3 5
= 3.50
Random Forest
-3.25
XGBoost 5 5 3
G —-- : -

Accuracy Precision Recall F1-Score

Naive Bayes - 3

CNN - 3

Effectiveness Rating (1-5)

Fig. 4. Comparative performance heatmap of major ML paradigms across
evaluation metrics.
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This heatmap illustrates the relative performance patterns of
classical, deep learning, and ensemble methods across five
commonly reported metrics: accuracy, precision, recall, F1-
score, and AUC-ROC based on aggregated findings from the
reviewed studies.

4) Reliability and reproducibility gaps: A recurring
limitation across the reviewed literature is the absence of
standardized benchmarking datasets and shared evaluation
protocols. Few studies made datasets publicly available, and
replication studies were virtually non-existent. The lack of
consistent reporting on preprocessing steps, feature
normalization, and model hyperparameters further impedes
reproducibility. These limitations highlight a structural gap
between experimental model development and robust,
transferable educational implementation. Without standardized
validation frameworks, reported improvements may reflect
dataset-specific optimization rather than generalizable
advancement.

Analytical observation: The field demonstrates
methodological diversity, but lacks consolidated benchmarking
standards necessary for cumulative progress.

C. RQ3: Data Modalities and Feature Engineering Strategies
This section addresses RQ3 by analysing how different data
modalities and feature engineering strategies influence
predictive robustness, model scalability, and deployment
feasibility in learning style identification systems.

1) Dominant data modalities: The reviewed studies
employed a range of data sources, with behavioural interaction
logs and academic performance records being the most
frequently utilized modalities. Behavioural data including
clickstream activity, time-on-task, navigation sequences, and
assessment attempts were particularly prevalent in LMS-based
environments [1],[18]. Academic performance metrics such as
grades, quiz scores, and assignment outcomes were commonly
integrated as structured input variables. Textual data, including
forum posts and reflective writing submissions, appeared less
frequently but were leveraged in studies employing natural
language processing techniques. Physiological signals, such as
EEG or eye-tracking data, were present in a limited subset of
experimental settings due to infrastructural and ethical
constraints. Demographic features were occasionally
incorporated as supplementary variables but rarely served as
primary predictive drivers. Across the 57 reviewed studies, only
21%implemented true multimodal integration involving two or
more distinct datatypes. The majorityrelied on single -modality
datasets, predominantly behavioural or academic records.

Analytical observation: While multimodal approaches are
emerging, unimodal implementationsremain dominant, limiting
the depth of learner representation and adaptive personalization
potential.

2) Feature engineering and representation strategies:
Feature engineering practices varied significantly across
studies. In classical supervised models, manual feature
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extraction was the norm, involving statistical summaries,
interaction frequencies, session durations, and categorical
encodings. Feature selection methods such as correlation
analysis, principal componentanalysis (PCA), and information
gain were occasionally employed to reduce dimensionality. In
contrast, deep learning models relied more heavily on
automated representation learning. Sequential modelling
techniques, particularly RNN-based architectures, captured
temporal behavioural patterns without extensive manual
preprocessing. However, even in deep leaming
implementations, preprocessing decisions such as
normalization, tokenization (for textual data), and imbalance
handling remained critical determinants of performance.
Notably, few studies reported systematic ablation analyses to
quantify the impact of individual feature groups. Additionally,
handling of missing data and modality imbalance was
inconsistently addressed.

Analytical observation: Although representation learning
reduces dependence on manual feature design, feature
engineering practices remain heterogeneous and insufficiently
standardized.

3) Multimodal fusion strategies: Amongstudies employing
multimodal data, fusion strategies were generally implemented
using simple early or late fusion mechanisms. Early fusion
typically involved concatenating feature vectors before model
training, whereas late fusion aggregated predictions from
modality-specific classifiers. Intermediate fusion approaches
where embeddings from separate subnetworks are integrated at
latent layers were comparatively rare. Advanced fusion
strategies such as attention-based weighting, adaptive modality
selection, or modality dropout regularization were seldom
observed. Consequently, most multimodal implementations
lacked dynamic weighting mechanisms capable of handling
modality-specific noise or missing inputs.

These findings suggest that while multimodal interest is
growing, architectural sophistication in cross-modal integration
remains limited.

Key pattern identified: Multimodal integration is
conceptually recognized as beneficial, but is often
operationalized through simplistic fusion techniques rather than
structured representation learning.

4) Scalability and practical constraints: Data modality
selection is closely linked to scalability and deployment
feasibility. Behavioural logs and academic records are readily
available in LMS platforms and therefore support scalable
implementation. In contrast, physiological data collection
requires specialized hardware and raises privacy concerns,
restricting broader adoption.

Textual and multimodal approaches introduce increased
computational complexity and data preprocessing demands.
Few studies discussed infrastructure requirements or real-time
processing constraints, further reinforcing the gap between
experimental modelling and deployable system design.
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Analytical observation: Data modality choices directly
influence system scalability, cost, and ethical compliance,
underscoring the need for context-sensitive model design.

D. Cross-Dimensional Synthesis

The analytical synthesis of RQI-RQ3 reveals several
interconnected structural patterns shaping the current landscape
of machine learning-based learning style identification. First,
algorithmic evolution (RQ1) demonstrates a gradual shift from
interpretable classical classifiers toward ensemble and deep
representation learing models, particularly in data-rich LMS
and MOOC environments. However, this algorithmic
sophistication has notbeen matched by corresponding advances
in evaluation rigor (RQ2), as validation practices remain
predominantly internal and dataset specific.

Second, the dominance of unimodal behavioural datasets
(RQ3) partly explains the persistence of classical and ensemble
approaches, as limited data diversity constrains the benefits of
advanced multimodal architectures. Although multimodal
modellingis increasing, most implementations rely onsimplistic
fusion strategies without systematic treatment of modality
imbalance or missing data. Consequently, architectural
complexity does not consistently translate into demonstrable
generalization gains.

Third, evaluation and feature engineering practices appear
strongly interdependent. Models employing automated
representation learning frequently lack transparent reporting of
preprocessing steps, while manually engineered feature
pipelines often omit robustness testing. The absence of
standardized benchmarking datasets and cross-context
validation further complicates meaningful comparison across
algorithmic paradigms.

Taken together, these observations indicate that the field has
achieved notable progress in predictive modelling but remains
structurally fragmented. Algorithm selection, data modality
integration, and validation design are often treated as isolated
decisions rather than coordinated components of a unified
adaptive system architecture. This fragmentation limits
scalability, reproducibility, and institutional deployment
readiness. To further consolidate the structural patterns
identified across algorithmic paradigms and design strategies,
Table VIII classifies the reviewed studies according to their
primary developmental focus.

TABLE VIII. THEMATIC CLASSIFICATION OF REVIEWED STUDIES BY
DEVELOPMENTAL FOCUS

Category Frequency Study IDs

AS21, AS45, AS29, AS15, AS13, AS08,
Feature 20 AS07, AS52, AS54, AS46, AS44, AS31,
Engineering AS26, AS25, AS05, AS35, AS42, AS22,

AS55, AS12

AS20, AS39, AS40, AS21, AS45, AS29,
Algorithmic AS30, AS15, AS17, AS24, AS43, AS32,
Improvements 28 AS23, AS33, AS27, AS14, AS16, AS36,

AS08, AS47, ASO1, AS54, AS53, AS438,

AS49, AS03, AS56, AS57

AS40, AS41, AS19, AS28, AS23, AS20,
Hybrid 1 AS02, AS07, AS50, ASO1, AS53, AS37,
Models AS48, AS51, AS44, AS34, AS31, AS45,

AS38, AS55, AS57
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An important observation emerging from the thematic
classification is the presence of cross-category overlap among
several studies. Several works simultaneously incorporate
feature engineering refinement, algorithmic optimization, and
hybrid architectural strategies. This overlap indicates that
methodological advancement in learning style identification is
increasingly multi-layered rather than confined to isolated
improvements. However, while combinatorial approaches are
emerging, integration is often partial and lacks a coordinated
system-level design perspective. In many cases, feature
refinement, model optimization, and multimodal fusion are
implemented independently rather than within a unified
deployment framework.

These cross-dimensional findings motivate the need for a
structured, deployment-oriented framework that integrates
model selection, multimodal design, evaluation standards,
explainability mechanisms, and maturity-based deployment
assessment. The following section builds on this synthesis to
propose such a framework, translating empirical trends into
system-level design guidance for scalable educational Al
applications.

E. Evolution of Research Focus and System Maturity

To further contextualize the cross-dimensional findings, the
reviewed studies were mapped across fourthematic orientations:
performance improvement, enhanced personalization, data
quality and stability, and scalable/adaptable model
development. Fig. 5 presents the temporal distribution of these
focus areas from 2020 to 2025.
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Fig. 5. Temporal evolution of research focus in ML-based learning style
systems (2020-2025).

The mapping reveals that early research (2020-2021)
predominantly emphasized performance optimization through
algorithm comparison and accuracy improvement. From 2022
onward, a gradual expansion toward personalization refinement
and data robustness became evident. More recent studies
increasingly addressed scalability and system adaptability,
indicating a transition from isolated classification experiments
toward implementation-aware design considerations.

Notably, the emergence of scalability-focused research
aligns with the broader maturation of educational Al systems.
However, while thematic diversification is observable,
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integration across these dimensions remains limited. Most
studies concentrate on a single improvement objective rather
than coordinating performance, robustness, personalization, and
scalability within a unified architectural framework.

These findings reinforce the need for structured system-level
guidance that consolidates these thematic strands into a coherent
deployment strategy. The following section translates this
thematic evolution into a deployment-oriented design
framework for ML-based learning style systems.

This figure categorizes reviewed studies into four thematic
orientations: performance improvement, personalization
enhancement, data stability, and scalable/adaptable model
development, illustrating the progressive diversification of
research priorities across the review period.

V. A DEPLOYMENT-ORIENTED FRAMEWORK FOR ML-
BASED LEARNING STYLE SYSTEMS

While the preceding sections examined algorithmic and
methodological trends, the present section translates those
findings into a structured framework for the design, evaluation,
and deployment of machine leaming (ML) systems for learning
style (LS) identification in adaptive educational environments.
Recent research in educational artificial intelligence
increasingly emphasizes the need to bridge experimental model
development withscalable,accountable systemintegration [72],
[73], [74]. However, structured deployment guidance remains
limited. To address this gap, the proposed framework integrates
four interdependent dimensions:

e Context-sensitive model selection,

e Multimodal fusion architecture design,
e Layered explainability integration, and
e Deployment maturity assessment.

These dimensions are derived from the cross-dimensional
pattemns identified in Section IV and are intended to
operationalize evidence-based design principles for scalable
adaptive systems.

A. Model Selection Matrix for Educational Contexts

A recurring limitation in the reviewed literature is the
absence of explicit criteria for selecting machine learning
models according to educational constraints. Model choice is
frequently performance-driven rather than context-driven,
despite evidence that interpretability, data volume, and
deployment scalesubstantially influence practical feasibility [4],
[75]. To address this issue, this study proposes the context-
sensitive model selection matrix, as shown in Table IX.

Analytical rationale: Educational decision-making often
involves pedagogical accountability; therefore, interpretable
models are preferable in high-stakes contexts. Tree-based
models and SVM classifiers offer transparency and lower
computational demands. Conversely, large-scale LMS and
MOOC environments generate high-dimensional interaction
logs that benefit from representation learning through deep
neural architectures [76]. In multimodal adaptive systems,
hybrid architectures combining ensemble learning with
structured fusion mechanisms provide improved robustness and

Vol. 17, No. 3, 2026

adaptability [77]. This matrix reframes model selection from
isolated performance optimization toward context-aware system

design.

TABLE IX. MODEL SELECTION GUIDELINES FOR LEARNING STYLE
SYSTEMS
Educational Data Interpretability Recommended
Context Availability Requirement Model Type
Small classroom . . Decision
tools Limited High Trees/SVM
Institutional . Random
dashboards Moderate Medium Forest/XGBoost
Large .
MOOC-scale . . Deep Learning
platforms llzfélsavloral Low-Medium (RNN/CNN)
Adaptive .
intelligent Multimodal | Medium I;Iz/sbir;:/Ensemble *
tutoring systems

B. Multimodal Fusion Architecture Patterns

Section IV revealed increasing adoption of multimodal
inputs, yet most implementations rely on relatively shallow
fusion strategies. Similar observations have been reported in
broader educational Al research, where multimodal integration
often lacks principled architectural design [78], [79].

Fusion strategies can be categorized into three structural
levels as follows:

1) Early fusion: In early fusion architectures, raw features
from different modalities are concatenated prior to model
training. While computationally straightforward, this approach
is sensitive to modality imbalance and noise dominance,
particularly when behavioural and textual data differ
substantially in scale.

2) Intermediate fusion: Intermediate fusion employs
separate subnetworks for each modality, merging leamed
embeddings at latent layers. This design supports representation
learning while preserving modality-specific structures. Recent
multimodal educational systems increasingly adopt this
approach to enhance robustness and generalization [80].

3) Late fusion: Late fusion involves independent modality-
specific classifiers whose outputs are aggregated through
ensemble voting or stacking mechanisms. This approach
improves modularity and resilience to missing modalities,
making it suitable for deployment environments with
incomplete learner data.

Identified architectural gap: Across the reviewed corpus,
advanced mechanisms such as modality dropout regularization,
cross-modal attention, and adaptive fusion weighting were
rarely implemented. Yet these techniques are increasingly
recognized as critical for robust multimodal Al systems [81].
Their limited adoption indicates architectural immaturity
relative to system-level deployment demands.

C. Explainability Integration Framework

Interpretability remains a central barrier to educational ML
deployment. Regulatory, ethical, and pedagogical accountability
require transparency in automated learner modelling [82], [83].
A three-layer explainability integration structure is proposed, as
shown in Table X.
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TABLE X. EXPLAINABILITY INTEGRATION LAYERS
Layer Purpose Representative Tools
Model-Level | Feature  contribution | gpyap v
analysis
.. Rule extraction / local | Tree-based rules, surrogate
Decision-Level .
explanation models
E Transparent reporting . .
System-Level dashboards Visual analytics panels

Embedding explainability during model design rather than
post hoc enhances educator trust, supports regulatory
compliance, and strengthens institutional accountability. Recent
educational Al research emphasizes that explainability must be
structurally integrated into adaptive systems rather than
appended as an auxiliary feature [84].

D. Ethical and Fairness Design Integration

Althoughethicalissues are now widely discussed inadaptive
learning research, they are still not sufficiently built into the
actual design of most systems [85]. In many cases, ethics is
treated as a general principle rather than a practical requirement
that shapes how the system is developed and used. To make
machinelearning-based learningstyle systems moreresponsible
and trustworthy, ethical and faimness considerations should be
integrated throughout the full system lifecycle. At the data
collection stage, this includes obtaining informed consent from
learners, protecting personal information through
anonymization, and checking the data for possible sources of
bias. During model training, attention should be given to
reducing class imbalance, applying fairness-aware leaming
strategies, and examining whether model performance differs
across learner groups. At the deployment stage, ethical
integration should continue through human oversight, regular
monitoring for emerging bias, and clear reporting mechanisms
that make system decisions more transparent. Embedding these
safeguards across data collection, model development, and
deployment helps move ethical Al from abstract discussion into
practical system design and supports current expectations for
responsible governance in educational Al [86].

E. Deployment Maturity Model for ML-Based Learning Style
Systems
To systematically evaluate readiness for real-world

implementation, this study introduces a four-level deployment
maturity model, as shown in Table XI.

TABLE XI. DEPLOYMENT MATURITY LEVELS
Level Description Characteristics Examp!e
Scenario
Level 1 | Offline Smgl.e dataset; no | Research
Experimental | prototype real-time laboratory
integration model
Level 2: | Cross- Moderate Institutional
Dataset- validation robustness; limited rﬁoltu tona
Validated reported scope P
Level 3. Real-time
ceve " | LMS-connected | classification; University
Platform- .
I system baseline dashboard
ntegrated P
explainability
Level 4: . .
c Multi- Multimodal, Scalable
ross- S . .
institution explainable, adaptive
Context s R .
. validation fairess-audited platform
Adaptive
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Observations from reviewed studies: Most studies remain
within Level 1 or Level 2, focusing on offline evaluation. A
smaller subset demonstrates characteristics of Level 3
integration. None fully satisfy Level 4 criteria, which require
cross-context validation, structured multimodality, embedded
explainability, and operational fairness monitoring.

Strategic implication: These findings indicate that although
predictive modelling techniquesare advancing, the field remains
structurally immature regarding scalable and context-robust
deployment. The maturity model provides a structured
benchmark for evaluating progression toward adaptive system
integration.

F. Integrated Framework Overview

The proposed framework brings together five closely
connected elements: context-aware algorithm selection,
structured multimodal architecture design, layered
explainability integration, embedded ethical safeguards, and
deployment maturity assessment. Rather than treating these as
separate concerns, the framework combines them into a unified
design structure for next-generation adaptive learning systems.
This integrated view shifts attention away from focusing only on
algorithmic accuracy and instead emphasizes how different
components work together to support real-world educational
use. In doing so, the framework provides a practical foundation
for building machine leaming-driven educational systems that
are scalable, transparent, and accountable. Fig. 6 illustrates this
integrated deployment-oriented architecture by showing how
the five layers interact with one another and with the broader
system properties that influence successful implementation.

A Cross-Context Adaptive
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« Platform-Integrated

A { Deployment Readiness Spectrum } ..
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Cross-Validation Strategies v
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Fig. 6. Deployment-oriented framework for ML-based learning style
systems.
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The architecture illustrates a bottom-to-top progression from
multimodal input space through model selection, evaluation and
generalization, trust and transparency integration, and finally
deployment readiness, with cross-cutting properties (scalability,
interpretability, robustness, and generalization) guiding system
maturation.

VI. DiscussioN

This review reveals an increasingly sophisticated yet
structurally fragmented landscape in the application of machine
learning (ML) to learning style identification (LSI). Although
predictive performance has improved across modelling
paradigms, methodological consistency, cross-context
generalization, and deployment readiness remain uneven.

A. Comparative Evaluation of Modelling Paradigms

Deep learning and ensemble approaches consistently report
high performance across accuracy, precision, recall, and F1-
score metrics. Their strength lies in handling high-dimensional
behavioural logs and complex learner interaction pattermns.
However, these models frequently lack interpretability and are
rarely validated beyond single datasets, limiting institutional
trust and scalability.

Classical supervised methods, including decision trees and
support vector machines, remain prevalent in small-scale
contexts due to their transparency and computational efficiency.
Nevertheless, they demonstrate reduced robustness when
applied to multimodal or unstructured data environments.

Clustering and unsupervised methods are effective in
exploratory settings and where labelled data are limited. Yet
their outputs often require post hoc interpretation and provide
limited operational guidance without additional modelling
layers.

Hybrid architectures represent a promising middle ground.
By combining representation learning with interpretable
classifiers or ensemble aggregation, they offer improved
performance stability while partially addressing transparency
concerns. This suggests that balanced, context-aware modelling
strategies may be more sustainable than performance-driven
model selection alone.

B. Structural Challenges and Persistent Gaps

Despite technical advances, several structural limitations
constrain progress.

First, generalizability remains weak. Many high-performing
models are trained and evaluated on proprietary or context-
specific datasets, restricting claims of cross-institution
robustness. Second, deployment validation is limited. Most
systems are evaluated offline rather than within live LMS or
classroom workflows, reducing confidence in real-world
applicability. Third, interpretability is inconsistently embedded.
Complex architectures such as CNNs and autoencoders often
function as black boxes, posing barriers to educator adoption
and accountability [87], [88]. Fourth, data quality issues,
including sparsity, class imbalance, and contextual bias continue
to affect model reliability and fairness [48]. These findings
reinforce the need to shift from algorithm-centric
experimentation toward deployment-aware system design.
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C. Best Practices for Robust LS Modelling

Several methodological practices emerged as consistently
associated with stronger contributions.

From a system development perspective, several practical
guidelines emerge. First, model selection should be aligned with
data availability, interpretability requirements, and deployment
constraints rather than solely predictive performance. Second,
multimodal fusion strategies should prioritize intermediate or
adaptive architectures to improve robustness under
heterogeneous data conditions. Third, evaluation protocols
should incorporate multi-metric assessment and cross-context
validation to enhance reliability. Finally, explainability and
fairness mechanisms should be embedded during model design
to support transparency, accountability, and institutional
adoption.

These practices collectively support the development of
scalable and context-aware learning analytics systems.

D. Practical and Ethical Implementation Considerations

For responsible educational deployment, implementation
must prioritize interpretability, privacy, and faimess alongside
predictive strength.

Initial deployments should favour interpretable or hybrid
models, particularly in high-stakes academic decision contexts.
Embedding explainability mechanisms during model design
rather than as post hoc add-ons enhances educator confidence
and accountability. Data governance practices must include
anonymization, secure storage, and informed consent
procedures [46]. Additionally, fairness auditing should be
systematically applied to detect demographic or contextual bias.
Ultimately, ML-based LS systems must align with institutional
policies and societal values. Technical accuracy alone is
insufficient for sustainable adoption.

VII. LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

A. Study Limitations

This study is subject to several limitations. First, the
inclusion period (2020-2025) prioritizes recent developments
butexcludes earlierfoundational work. Second, heterogeneity in
datasets, evaluation protocols, and reporting standards limit the
feasibility of quantitative meta-analysis. Third, reliance on
indexed digital libraries introduces potential database bias,
while publication bias may favour studies reporting positive
results. Finally, the limited availability of publicly accessible
datasets restricts external validation and reproducibility. These
constraints should be considered when interpreting the findings.

B. Future Research Directions

Future research should focus on developing robust
multimodal learning style identification systems that integrate
behavioural, textual, affective, and physiological data using
adaptive fusion strategies. Greater attention is also needed for
explainable and fairness-aware machine learning models to
improve transparency, trust, and responsible educational
deployment. In addition, standardized benchmark datasets,
unified validation protocols, and multi-metric evaluation
frameworks should be established to improve reproducibility
and cross-study comparability. Finally, future studies should
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move beyond offline experimentation toward deployment-
oriented architectures that support real-time inference,
scalability, and continuous adaptation in practical educational
environments.

VIIL

This study provided a systematic and structured synthesis of
machine learning approaches for learning style identification
published between 2020 and 2025. Moving beyond descriptive
cataloguing of algorithms, the review reorganized the literature
across four analytical dimensions: algorithmic paradigm
evolution, multimodal integration patterns, evaluation practices,
and deployment readiness characteristics. This analytical
reframing revealed that although predictive performance has
improved, methodological consistency, cross-context
validation, and system-level maturity remain limited.

CONCLUSION

The findings indicate that classical supervised models
continue to dominate small-scale institutional settings, while
deep and ensemble methods are increasingly adopted in large-
scale platforms. However, multimodal architectures remain
largely shallow, interpretability is inconsistently embedded, and
ethical considerations are rarely operationalized within
deployment workflows. Most systems remain confined to
experimental or dataset-validated stages, with few
demonstrating sustained real-world integration.

To address these structural limitations, this study introduced
a layered deployment-oriented framework that integrates
multimodal input design, context-sensitive model selection,
evaluation rigor, explainability integration, and a four-level
deployment maturity spectrum. By positioning learning style
modelling within a system-level architectural perspective, the
framework shifts emphasis from isolated accuracy
improvements toward scalable, transparent, and ethically
grounded adaptive learning infrastructures.

Ultimately, the advancement of ML-based learning style
systems will depend not only on algorithmic innovation but on
principled fusion strategies, cross-context generalization,
embedded explainability, and deployment-aware validation.
This study provides a structured foundation to guide that
transition and to support the development of robust next-
generation adaptive educational systems.
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APPENDIX: PRISMA 2020 CHECKLIST

Sectl.on and Checklist item .Loca.tlon where
Topic item is reported
TITLE
Title 1 ‘ Identify the report as a systematic review. 1
ABSTRACT
Abstract 2 ‘ See the PRISMA 2020 for Abstracts checklist. 1
INTRODUCTION
Rationale 3 Describe the rationale for the review in the context of existing knowledge. 2
Objectives 4 Provide an explicit statement of the objective(s) or question(s) the review addresses. 2
METHODS

Eligibility 5 Specify the inclusion and exclusion criteria for the review and how studies were grouped for the | 7

criteria syntheses.

Information 6 Specify all databases, registers, websites, organisations, reference lists and other sources searched or | 6

sources consulted to identify studies. Specify the date when each source was last searched or consulted.

Search strategy 7 Present the full search strategies forall databases, registers and websites, including any filters and limits | 7
used.

Selection 8 Specify the methodsused to decide whether a study met the inclusion criteria of the review, including | 7

process how many reviewers screened each record and each report retrieved, whether they worked
independently, and if applicable, details of automation tools used in the process.

Data collection | 9 Specify the methods used to collect data from reports, including how many reviewers collected data | 7-9

process from each report, whether they worked independently, any processes for obtaining or confirming data
from study investigators, and if applicable, details of automation tools used in the process.

Data items 10a List and define all outcomes for which data were sought. Specify whether all results that were | N/A
compatible with each outcome domain in each study were sought (e.g. for all measures, time points,
analyses), and if not, the methods used to decide which results to collect.

10b List and define all other variables for which data were sought (e.g. participant and intervention | N/A
characteristics, funding sources). Describe any assumptions made about any missing or unclear
information.

Study risk of [ 11 Specify the methods used to assess risk of bias in the included studies, including details of the tool(s) | N/A

bias assessment used, how many reviewers assessed each study and whether they worked independently, and if
applicable, details of automation tools used in the process.

Effect measures | 12 Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used in the synthesis | 16
or presentation of results.

Synthesis 13a Describe the processes used to decide which studies were eligible for each synthesis (e.g. tabulatingthe | 7,11

methods study intervention characteristics and comparing against the planned groups for each synthesis (item
#5)).

13b Describe any methods required to prepare the data for presentation or synthesis, such as handling of | 3-4
missing summary statistics, or data conversions.

13¢ Describe any methods used to tabulate or visually display results of individual studies and syntheses. 3-4,12-15

13d Describe any methods used to synthesize results and provide a rationale for the choice(s). If meta- | N/A
analysis was performed, describe the model(s), method(s) to identify the presence and extent of
statistical heterogeneity, and software package(s) used.

13e Describe any methods used to explore possible causes of heterogeneity among study results (e.g. | N/A
subgroup analysis, meta-regression).

13f Describe any sensitivity analyses conducted to assess robustness of the synthesized results. N/A

Reporting bias | 14 Describe any methods used to assess risk of bias due to missing results in a synthesis (arising from | 7

assessment reporting biases).

Certainty 15 Describe any methodsused to assess certainty (or confidence)in the body of evidence foran outcome. | 7

assessment

RESULTS

Study selection 16a Describe the results of the search and selection process, from the number of records identified in the | 8-11

search to the number of studies included in the review, ideally using a flow diagram.
16b Cite studies that might appearto meet the inclusion criteria, but which were excluded, and explain why | N/A
they were excluded.

Study 17 Cite each included study and present its characteristics. 10-11

characteristics

Risk of bias in | 18 Present assessments of risk of bias for each included study. 15-20

studies

Results of | 19 For all outcomes, present, for each study: (a) summary statistics foreach group (where appropriate)and | 15-20

individual (b) an effect estimate and its precision (e.g. confidence/credible interval), ideally using structured tables

studies or plots.
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Secn‘on and Item # Checklist item

Topic

Results of | 20a For each synthesis, briefly summarise the characteristics and risk of bias among contributing studies. 15-20
syntheses -

Y 20b Present results of all statistical syntheses conducted. If meta-analysis was done, present for each the | 15-20
summary estimate and its precision (e.g. confidence/credible interval) and measures of statistical
heterogeneity. If comparing groups, describe the direction of the effect.

20c Present results of all investigations of possible causes of heterogeneity among study results. 15-20
20d Present results of all sensitivity analyses conducted to assess the robustness of the synthesized results. | 15-20
Reporting 21 Present assessments of risk of bias due to missing results (arising from reporting biases) for each | 15-20
biases synthesis assessed.
Certainty of | 22 Present assessments of certainty (or confidence) in the body of evidence for each outcome assessed. 15-20
evidence
DISCUSSION
Discussion 23a Provide a general interpretation of the results in the context of other evidence. 20,22
23b Discuss any limitations of the evidence included in the review. 21-22
23c Discuss any limitations of the review processes used. 21-22
23d Discuss implications of the results for practice, policy, and future research. 21-22
OTHER INFORMATION
Registration and | 24a Provide registration information forthe review, including register name andregistration number, orstate | N/A
protocol that the review was not registered.
24b Indicate where the review protocol can be accessed, or state that a protocol was not prepared. N/A
24c¢ Describe and explain any amendments to information provided at registration or in the protocol. N/A
Support 25 Describe sources of financial or non-financial support for the review, and the role of the funders or | 22
sponsors in the review.
Competing 26 Declare any competing interests of review authors. 22
interests
Availability of | 27 Report which of the following are publicly available and where they can be found: template data | 22
data, code and collection forms; data extracted from included studies; data used for all analyses; analytic code; any
other materials other materials used in the review.
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