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Abstract— In the dynamic landscape of online education, the quest for personalized and effective learning
experiences has become paramount. This paper introduces a comprehensive hybrid system meticulously crafted
to address the intricate challenge of classifying learning styles within the context of online education.
Embracing a multi-stage framework, the proposed system represents a paradigm shift in the realm of
educational technology, offering a nuanced and sophisticated approach to learning style classification.

At the heart of the system lies an adaptive placement test, meticulously designed to cater to the individual
needs and preferences of learners. Leveraging the robust framework of the Felder-Silverman Learning Model
(FSLM), this initial stage serves as a cornerstone for tailoring the assessment process to the unique cognitive
proclivities of each learner. By intricately weaving together adaptive testing methodologies with the principles
of personalized learning, the system lays a solid foundation for subsequent stages of the classification process.

Following the administration of the adaptive placement test, the system embarks on a meticulous evaluation
of learners' prior knowledge, employing the sophisticated TRI (Test-Rule-ltem) algorithm. This rigorous
assessment serves to establish a baseline understanding for each learner, providing invaluable insights into their
cognitive capabilities and aptitudes. Armed with this foundational knowledge, the system proceeds to the next
stage, wherein a rule-based method is employed to make preliminary predictions about learners' learning styles
at the outset of their online training.

Building upon this robust foundation, the system introduces a novel classification model centered on
cognitive learning styles. Embracing cutting-edge methodologies and techniques, this model delves into the
intricate nuances of learners' cognitive preferences, offering a nuanced and granular understanding of their
individual learning styles. Central to this classification process is the analysis of learner behavior, or traces,
which serves as a rich source of data for refining and augmenting the classification model.

Finally, the system culminates in the deployment of an artificial neural network (ANN) mechanism, heralding
a new era of real-time learning style classification. Leveraging the power and flexibility of ANN, the system
automatically classifies learners in real-time, using the behavioral traces as input data. This dynamic and
responsive approach not only enhances the accuracy and efficiency of learning style classification but also
underscores the system's adaptability and scalability in diverse educational contexts.

In summation, the proposed hybrid system represents a landmark achievement in the field of educational
technology, offering a robust and comprehensive framework for understanding and categorizing learning styles
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in the digital age. By seamlessly integrating adaptive testing methodologies, cognitive learning models, and
artificial intelligence techniques, the system heralds a new dawn of personalized and effective online education,
poised to transform the educational landscape for generations to come.
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I. INTRODUCTION

The advancement of e-learning platforms, propelled
by the inexorable march of technological progress,
heralds a transformative era in educational pedagogy.
As traditional boundaries dissolve and the digital
landscape burgeons with a plethora of online learning
environments, the imperative for adaptive systems
capable of catering to individual learning preferences
becomes increasingly pronounced. Indeed, at the heart
of this seismic shift lies the recognition that the
efficacy of educational interventions hinges upon the
ability to tailor instructional methodologies to the
unigue cognitive proclivities and preferences of each
student.

In this ever-evolving educational landscape, the
identification of a learner's style emerges as a linchpin
in the edifice of personalized education. Rooted in the
fundamental premise that no two learners are alike,
personalized learning holds the promise of
revolutionizing the traditional pedagogical paradigm,
ushering in a new era of educational equity and
inclusivity. By delineating the contours of a learner's
preferred mode of information assimilation, educators
can craft bespoke learning experiences that resonate
deeply with the individual, engendering heightened
engagement, motivation, and comprehension.

The burgeoning ubiquity of online learning
environments further underscores the exigency for
adaptive systems capable of discerning and
accommodating the idiosyncratic learning styles of
students. As learners traverse the digital expanse in
pursuit of knowledge, the ability to tailor educational
resources to meet their unique needs assumes
paramount importance. It is within this crucible of
innovation and transformation that the present paper
emerges, poised at the vanguard of educational

pedagogy.

Leveraging the robust framework of the Felder-
Silverman Learning Model (FSLM) in concert with
the transformative power of artificial neural networks
(ANN), the proposed system represents a seminal step
towards the realization of personalized education on a

WwWw.ijmret.org ISSN:

2456-5628

global scale. By amalgamating adaptive placement
tests, prior knowledge assessments, rule-based
predictions, and cognitive learning style models, this
groundbreaking approach seeks to furnish a
comprehensive and holistic solution to the perennial
challenge of accommodating diverse learning
preferences in real-time.

The ultimate aspiration is to forge a dynamic and
responsive learning environment that stands as a
testament to the ingenuity and efficacy of modern
educational technology, one that can seamlessly adapt
to the evolving needs and exigencies of learners,
thereby redounding to the enhancement of overall
educational outcomes and satisfaction. In sum, the
present paper represents a clarion call to the
educational community, beckoning towards a future
characterized by personalized education that
transcends the constraints of time, space, and
conventional pedagogy.

The advancement of e-learning platforms necessitates
adaptive systems that cater to individual learning
preferences. Identifying a learner's style can enhance
their  educational  experience by  providing
personalized content and activities. This paper
introduces a hybrid system designed to classify
learning styles using the Felder-Silverman Learning
Model (FSLM) framework and artificial neural
networks (ANN) [1]. The proposed system aims to
address the challenges associated with accurately
identifying and responding to diverse learning
preferences in real-time. By integrating adaptive
placement tests, prior knowledge assessments, rule-
based predictions, and cognitive learning style
models, this approach seeks to provide a holistic
solution for enhancing online education. The ultimate
goal is to create a dynamic and responsive learning
environment that can adjust to the evolving needs of
learners, thereby improving overall educational
outcomes and satisfaction.

Il. LITERATURE REVIEW

Previous research highlights the importance of
adaptive learning systems and various models used
for identifying learning styles. Numerous studies have
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explored different approaches to categorize and
respond to individual learning  preferences,
underlining the critical role of personalization in
educational success. Studies by Graf et al. (2006,
2007) emphasize the role of cognitive traits in
learning, demonstrating that understanding a learner's
cognitive profile can significantly enhance the
effectiveness of the educational process. These studies
provide compelling evidence that integrating
cognitive characteristics into learning style models
can lead to more accurate and useful classifications.
Motivated by these insights, our approach seeks to
build upon this foundational work by incorporating
cognitive traits into our classification model. By doing
so, we aim to develop a more robust and nuanced
system capable of dynamically adapting to the diverse
cognitive profiles of learners, thereby optimizing their
learning experiences [2, 3]. This integration not only
advances the theoretical understanding of learning
styles but also offers practical benefits for the design
and implementation of adaptive e-learning systems.

I1l. SYSTEM ARCHITECTURE

3.1 Framework Overview

Our system comprises several stages, each designed to
incrementally refine the classification of learners'
styles for a more tailored educational experience. The
first stage involves administering an adaptive
positioning test, which is customized based on the
Felder-Silverman Learning Model (FSLM). This test
helps to identify the initial learning preferences of
each student, providing a baseline for further analysis.
Following this, we evaluate prior knowledge using a
sophisticated TRI (Test-Rule-ltem) algorithm, which
assesses the learner's existing understanding and
skills. This evaluation is crucial for contextualizing
the learner's progress and tailoring subsequent
educational content. The third stage utilizes a rule-
based method to predict initial learning styles at the
beginning of the training. This method applies
predefined rules derived from educational theories
and empirical data to make informed predictions.
Finally, our system employs an Artificial Neural
Network (ANN) to dynamically classify learning
styles in real-time. By continuously analyzing learner
behavior and feedback, the ANN can adjust its
predictions and provide ongoing personalization
throughout the learning process. This multi-stage
approach ensures a comprehensive and adaptive
system that enhances the effectiveness and
engagement of online education [4].
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Figure 1: System Architecture for Learning Style
Classification.

3.2 Adaptive Positioning Test Based on FSLM
While e-learning platforms commonly offer a variety
of positioning tests, our approach stands out for its
personalized nature and implicit detection of the
learner's dominant style. Rather than relying solely on
generic assessments, our test design incorporates
sophisticated techniques to discern individual learning
preferences. By evaluating prior knowledge, our
system not only gauges the learner's current level of
understanding but also subtly identifies their dominant
learning style. This personalized approach is achieved
by embedding behavioral indicators within the test
questions, aligning with the principles of the Felder-
Silverman Learning Model (FSLM). These indicators
serve as subtle cues that help categorize learners
based on their cognitive and learning preferences.
Additionally, our test design leverages ontologies in
OWL (Web Ontology Language) to enhance the
creation of the question corpus. This structured
approach ensures that the test questions are precisely
aligned with the concepts and principles relevant to
the learner's domain of study, further enhancing the
accuracy and effectiveness of the positioning test [5].

Figure 2: Adaptive Positioning Test Workflow.
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3.3 Knowledge Level and Learning Style Detection
Voici une version élargie de votre paragraphe sur
l'analyse du comportement des apprenants pour
détecter leur style d'apprentissage :

The adaptive positioning test implemented in our
system utilizes a sophisticated analysis of learner
behavior to detect their individual learning style. To
begin, we employ the Item Response Theory (IRT) to
quantitatively measure the levels of prior knowledge
possessed by each learner. This initial assessment
serves as a foundational step in understanding the
learner's existing skills and competencies. Building
upon this assessment, our system then utilizes a rule-
based method to observe and track various aspects of
the learner's behavior throughout the learning process.
By systematically analyzing patterns in engagement,
interaction, and performance, our system can
dynamically infer the learner's dominant learning
style. This rule-based approach leverages predefined
criteria and heuristics derived from educational
theories and empirical research to make informed
observations. By combining quantitative
measurements with qualitative observations, our
system achieves a comprehensive understanding of
the learner's cognitive and behavioral tendencies,
facilitating the personalization of their educational
experience [6].

3.4 Automatic Classification Using Artificial
Neural Networks

At the heart of our research lies a sophisticated
utilization of Artificial Neural Network (ANN)
mechanisms, which play a pivotal role in continuously
identifying and adapting to learners' evolving learning
styles. Unlike static approaches, our model embraces
the dynamic nature of the learning process by
analyzing learner interaction data over time. This
longitudinal analysis allows our system to discern
subtle shifts and patterns in the learner's behavior,
providing insights into their evolving cognitive and
learning preferences. By leveraging the power of
ANN, our model dynamically adjusts its classification
criteria based on real-time feedback, ensuring that it
remains responsive and accurate throughout the
learning journey.

Central to our approach is the correlation of cognitive
abilities with preferred learning styles. Our model
goes beyond simplistic categorizations and seeks to
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uncover the underlying cognitive traits that influence
how individuals engage with and process information.
By establishing these correlations, our system can
provide deeper insights into the learner's cognitive
profile, enabling more nuanced and personalized
educational experiences.

The implementation of our ANN model is facilitated
by a 3-layer perceptron architecture coupled with a
backpropagation algorithm. This architecture allows
for the efficient processing of complex interaction
data and the extraction of meaningful patterns.
Through iterative learning and adjustment, the ANN
continuously refines its classification of students'
cognitive learning styles, ensuring that it remains
robust and adaptable in real-time scenarios [7].

Données d'apprentissage
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Figure 3: Knowledge Level and Learning Style
Detection Process.

IV. EXPERIMENTATION

4.1 Data Source and Nature

The dataset utilized in our research encompasses a
rich collection of interactions gathered from a cohort
of 300 software engineering students actively engaged
on an e-learning platform. This dataset offers a
comprehensive view of students' behaviors and
engagement patterns within the online learning
environment. Capturing a diverse array of
interactions, ranging from course navigation to quiz
participation, the dataset provides valuable insights
into the cognitive learning styles exhibited by the

Page 67



International Journal of Modern Research in Engineering and Technology (IJMRET)
www.ijmret.org Volume 9 Issue 6 I June 2024.

students.

Importantly, the data includes a wide range of
attributes specifically chosen to capture the nuances
of cognitive learning styles. These attributes have
been carefully extracted from various course samples,
ensuring that they encapsulate the key dimensions of
learning behavior relevant to our research objectives.
By incorporating attributes such as response times,
navigation patterns, and quiz performance metrics, we
aim to create a holistic representation of the cognitive
processes underlying students' learning experiences.

To facilitate the development and evaluation of our
classification models, we employ a standard 70-30
split for training and testing. This partitioning strategy
ensures that a significant portion of the dataset is
reserved for model training, allowing for the
extraction of robust patterns and relationships. The
remaining portion of the dataset is used for model
validation, enabling us to assess the generalization
performance and reliability of our classification
algorithms in real-world scenarios [8].

4.2 Feature Extraction

In our methodology, a diverse array of attributes is
meticulously curated to capture the multifaceted
nature of learners' cognitive preferences. Key among
these attributes are metrics related to the time spent on
reading materials, the completion of exercises, and
active participation in online discussions. By
analyzing these behavioral indicators, we aim to
discern distinct patterns associated with auditory,
visual, kinesthetic, and mixed learning styles.

The time spent on reading materials serves as a
proxy for learners' engagement with textual content,
which is particularly relevant for visual and auditory
learners who may prefer to absorb information
through written or spoken words. Similarly, the
completion of exercises provides insights into
learners' hands-on engagement with course materials,
catering to kinesthetic learners who thrive in
interactive learning environments.

Active participation in online discussions serves as
a crucial indicator of learners' engagement and
interaction preferences. Auditory learners may
gravitate towards verbal exchanges and collaborative
dialogue, while visual learners may express
themselves through the use of multimedia resources
and graphical representations. Kinesthetic learners, on
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the other hand, may prefer hands-on activities and
practical demonstrations, which can be inferred from
their level of engagement in interactive discussions.

By incorporating these diverse attributes into our
analysis, we strive to develop a comprehensive
understanding of learners' cognitive preferences and
tailor educational experiences accordingly. This
nuanced approach allows us to identify not only
predominant learning styles but also variations and
combinations thereof, enabling the creation of truly
personalized learning pathways.

4.3 Modeling and Classification Methods

The classification system implemented in our
research encompasses a multifaceted approach aimed
at accurately categorizing learners' cognitive and
learning preferences. Central to this system is the
creation of an adaptive positioning test, designed to
tailor the assessment process to the individual needs
and preferences of each learner. This test serves as the
initial step in identifying learners' cognitive profiles,
providing a foundation for subsequent analysis.

Following the administration of the positioning test,
our system conducts a comprehensive evaluation of
learners' knowledge levels and learning styles. This
evaluation process incorporates advanced techniques,
including data preprocessing and feature extraction, to
extract meaningful insights from the interaction data
collected from the learners. By analyzing attributes
such as time spent on various activities, completion
rates, and engagement patterns, our system seeks to
uncover latent patterns indicative of different learning
styles.

Once the relevant features have been extracted, our
system employs state-of-the-art machine learning
algorithms, including Artificial Neural Networks
(ANN) and Naive Bayes models, for automatic
classification. The training phase involves the
utilization of labeled data to train and optimize the
classification models, ensuring their accuracy and
effectiveness in categorizing learners' cognitive and
learning preferences.

Throughout the process, careful attention is paid to
data preprocessing techniques to ensure the quality
and reliability of the input data. This includes steps
such as normalization, outlier detection, and feature
scaling, which are essential for enhancing the
performance of the classification models.

Page 68



International Journal of Modern Research in Engineering and Technology (IJMRET)
www.ijmret.org Volume 9 Issue 6 I June 2024.

By integrating these components seamlessly, our
classification system offers a robust and efficient
framework for identifying and responding to the
diverse learning preferences exhibited by learners.
Through continuous refinement and optimization, we
aim to develop a system that not only enhances the
personalization of educational experiences but also
contributes to the broader understanding of learning
styles in online education [9].

V. RESULTS AND DISCUSSION

5.1 Performance Metrics

Performance evaluation of classification algorithms
relies on a set of key metrics, including accuracy,
precision, recall, and F1 score. These metrics enable
comprehensive assessment of models' ability to
effectively classify learners' learning styles.

In our study, we compared the performance of two
classification algorithms: the Artificial Neural
Network (ANN) model and the Naive Bayes model.
We found that the ANN model generally outperforms
the Naive Bayes model, especially for visual and
mixed learning styles.

The use of metrics such as accuracy, precision, recall,
and F1 score allows for precise quantification of the
advantages and limitations of each model. Accuracy
measures the proportion of correct predictions among
all predictions made by the model. Precision
represents the proportion of correct positive
predictions among all positive predictions made by
the model. Recall measures the proportion of correct
positive predictions among all actual positive cases in
the dataset. Lastly, the F1 score, which is the
harmonic mean of precision and recall, provides a
balanced measure of the model's performance.

By highlighting the superior performance of the ANN
model over the Naive Bayes model, particularly for

visual and mixed learning styles, our study
underscores the effectiveness of the neural network-
based approach in classifying learning styles in online
learning environments [10].

"The evaluation of classification algorithm
performance relies on a set of key metrics, including
accuracy, precision, recall, and F1 score. These
metrics enable comprehensive assessment of models'
ability to effectively classify learners' learning styles.

In our study, we compared the performance of two
classification algorithms: the Artificial Neural
Network (ANN) model and the Naive Bayes model.
We found that the ANN model generally outperforms
the Naive Bayes model, especially for visual and
mixed learning styles.

The use of metrics such as accuracy, precision, recall,
and F1 score allows for precise quantification of the
advantages and limitations of each model. Accuracy
measures the proportion of correct predictions among
all predictions made by the model. Precision
represents the proportion of correct positive
predictions among all positive predictions made by
the model. Recall measures the proportion of correct
positive predictions among all actual positive cases in
the dataset. Lastly, the F1 score, which is the
harmonic mean of precision and recall, provides a
balanced measure of the model's performance.

By highlighting the superior performance of the ANN
model over the Naive Bayes model, particularly for
visual and mixed learning styles, our study
underscores the effectiveness of the neural network-
based approach in classifying learning styles in online
learning environments [10].

° Algorithms Accuracy Precision Recall F1-score
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g3 ANN |84 ,60% 86% 85% 85%
2 Naive Bayes | g1 4004 83% 83% 83%
4

ANN' g5 3304 87% 86% 86%
£ Naive B
g alve Bayes | g2 40% 84% 84% 84%

Table: Accuracy measures for style classification by learning algorithms

5.2 Discussion

The proposed system demonstrates its efficacy in
effectively identifying predominant learning styles
among students, leading to notable enhancements in
performance for individuals taught in alignment with
their respective learning styles. These findings
underscore the pivotal role of personalized
instructional approaches within online learning
environments, where tailoring pedagogical methods to
learners' individual preferences can wield substantial
influence on their academic achievement and
engagement.

Nevertheless, despite the promising outcomes, the
study also acknowledges certain  limitations
warranting consideration. Firstly, the system's reliance
on a specific type of test for assessing learning styles
may constrain its applicability to broader educational
contexts. The particular characteristics and structure
of the chosen test could potentially influence the
resultant findings, and alternative adaptive testing
methodologies might yield divergent results, thereby
necessitating cautious interpretation of the system's
outcomes.

Additionally, another noteworthy constraint lies in
the relatively modest size of the study's sample. While
the inclusion of 300 students provides a substantial
dataset for analysis, larger sample sizes could offer
greater statistical power, facilitating more robust
generalization of findings and enabling more
comprehensive exploration of individual variations in
learning styles.

Notwithstanding these limitations, the study's
conclusions offer valuable insights for the future
trajectory of personalized instruction within online
learning domains. By highlighting the potential
benefits derived from pedagogical adaptation to
individual learning styles, this research paves the way
for novel approaches aimed at enhancing the efficacy
and accessibility of online education."
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This expanded version provides a detailed analysis of
both the study's positive outcomes and its constraints,
emphasizing the significance of personalized
instructional methods while acknowledging the need
for cautious interpretation and further research.

VI. CONCLUSION

THE PROPOSED SYSTEM STANDS AS A TESTAMENT TO
ITS EFFICACY IN PROFICIENTLY DISCERNING
PREDOMINANT LEARNING STYLES AMONG STUDENTS,
HERALDING SUBSTANTIAL PERFORMANCE
ENHANCEMENTS FOR INDIVIDUALS WHEN INSTRUCTED
IN  ALIGNMENT WITH THEIR UNIQUE LEARNING
MODALITIES. THESE PIVOTAL FINDINGS SERVE TO
UNDERSCORE THE INDISPENSABLE ROLE OF
PERSONALIZED  INSTRUCTIONAL  METHODOLOGIES
WITHIN THE DYNAMIC REALM OF ONLINE LEARNING
ENVIRONMENTS. INDEED, THE ABILITY TO TAILOR
PEDAGOGICAL APPROACHES TO THE DIVERSE AND
NUANCED PREFERENCES OF LEARNERS HOLDS THE
PROMISE OF WIELDING A TRANSFORMATIVE IMPACT ON
THEIR ACADEMIC ATTAINMENT AND SUSTAINED
ENGAGEMENT IN EDUCATIONAL PURSUITS.

HOWEVER, AMIDST THE COMMENDABLE SUCCESSES
UNVEILED BY THIS STUDY, IT IS INCUMBENT UPON US
TO ACKNOWLEDGE AND ADDRESS CERTAIN CAVEATS
THAT WARRANT CAREFUL CONSIDERATION. FOREMOST
AMONG THESE CONCERNS IS THE SYSTEM'S RELIANCE
ON A SPECIFIC TYPOLOGY OF TEST FOR THE
ASSESSMENT OF LEARNING STYLES. WHILE THIS
TAILORED APPROACH HAS YIELDED COMMENDABLE
OUTCOMES WITHIN THE CONTEXT OF OUR
INVESTIGATION, ITS BROADER APPLICABILITY ACROSS
VARIED EDUCATIONAL MILIEUS MAY BE SUBJECT TO
SCRUTINY. THE INHERENT CHARACTERISTICS AND
STRUCTURAL NUANCES OF THE SELECTED TEST COULD
POTENTIALLY EXERT UNDUE INFLUENCE ON THE
RESULTANT FINDINGS, THEREBY NECESSITATING A
CAUTIOUS AND NUANCED INTERPRETATION OF THE
SYSTEM'S OUTCOMES. THE EXPLORATION OF
ALTERNATIVE ADAPTIVE TESTING METHODOLOGIES
MAY SERVE AS A SALIENT AVENUE FOR FUTURE
RESEARCH ENDEAVORS, AFFORDING A  MORE
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COMPREHENSIVE UNDERSTANDING OF THE
MULTIFACETED DIMENSIONS OF LEARNERS' COGNITIVE
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