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Abstract
Learners, comprising students, learn in distinct ways. Machine learning-based recognition
of the learner’s style can inspire and advance academic performance. This study investigates
the application of machine learning (ML) to recognize learners’ VARK learning styles in
personalized and adaptive learning situations. The data for this investigation were gathered
from 72 students in the Gifted Unit at Northern Border University, Saudi Arabia, utilizing a
questionnaire that encompassed demographic and academic variables, and VARK responses.
TwoMLmodels (artificial neural networks and random tree) were built and assessed utilizing
10-fold cross-validation. Accuracy, mean absolute error, kappa statistics, ROC-AUC, and
confusion-matrix analysis were used to measure model performance. The outcomes unveiled
that both models classified learner-style groups with considerable performance, with the
random tree (RT) model (Accuracy = 75.0%; kappa value = 0.5546) acting better than the
artificial neural network (ANN) model (Accuracy = 73.61%; kappa value = 0.5356). The RT
model also correctly categorized 54 of 72 cases, compared to 53 of 72 for the ANN model.
These results uncover that ML techniques improve automated evaluation of VARK learning
styles. This analysis gives a comparative assessment of two classification methods for VARK
evaluation and carries an initial point for upcoming research on sizable datasets.
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1. INTRODUCTION

The use of artificial intelligence (AI) in the modern educational system has a substantial influence
on learning analytics and individualized education. Educational institutions have been leveraging
data such as student attendance, grades, and enrollment patterns, which have increased markedly in
recent years with the widespread adoption of online platforms and learning management systems, to
use machine learning algorithms to make better decisions to improve teaching and learning [1–3].

Identifying the learning style of the student is one of the most critical components of personaliza-
tion, as it describes the way they process, interact with and internalize the learning material [4].
Identifying a learner’s learning style can enhance the learning process by minimizing learning time,
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maximizing learning outcomes and promoting overall satisfaction. Moreover, students should be
aware of their learning styles because awareness of their learning style can help them manage them-
selves in the learning process effectively [5]. The VARK model is one of the most popular learning
style models due to its simplicity and its utility in designing instruction [6]. This model classifies
learners according to their preferred ways of acquiring information and processing it – visual (V),
aural (A), read/write (R), and kinesthetic (K). Identifying a learner’s VARK style may be useful for
designing adaptations to content and interventions to engage the learner.

The 16 item questionnaire is a traditional method for learning style identification of VARK. Despite
its proven effectiveness, the analysis of answers to questionnaires is problematic and is particu-
larly difficult in large educational institutions. These are the three troublesome things about the
assessment time burden, subjectivity and lack of scalability [7]. The constraints show the need for
algorithms that are able to handle large volumes of data efficiently and be able to find patterns that
may not be easily found using manual analysis.

Machine learning provides automatic predictive mechanisms that are based on identifying trends
in the training data. Accordingly, numerous studies have investigated the learning-style prediction
based onmachine learning. Nonetheless, systematic evaluation and comparison of different learning
style classification ML algorithms is still lacking. Most previous research works are also limited to
a certain algorithm for a specific learning system, which reduces the extent to which the findings can
be generalized or extrapolated to other systems. In this paper, we address this gap by comparing
the two supervised machine learning algorithms, namely artificial neural networks (ANNs) and
random trees (RT). The purpose of this study is to assess the efficacy of ANNs and RT algorithms in
predicting learning styles of students, based on the collected data, and contribute to the learning-style
prediction field. Models were tested with various performance measures such as accuracy, kappa
statistics and ROC-AUC. The sampling was done from the students of the Gifted Unit at Northern
Border University. The study further emphasizes the relevance of prediction models that utilize
machine learning for adaptive learning environments, in which learning resources and activities
can be better aligned with the preferred learning styles of the learners. Consequently, the novelty
of this work lies in the comparative evaluation of two different approaches to classification, in the
analysis, based on that data, of the ability to predict the learning style using the VARK model and
in the contribution to the discussion regarding the application of machine learning in the context of
personalized education.

The study is focused on three goals: (1) to explore the use of ANN and Random Tree algorithms
in predicting VARK learning styles; (2) to determine the more effective algorithm based on the
result of VARK’s evaluation; and (3) to provide practical recommendations for using machine
learning algorithms in the implementation of educational personalization systems. The present
study suggests a contribution for the development of the robust and reliable models of VARK for this
purpose which will help in the development of scalable, intelligent and learner-centred education
system.
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2. RELATEDWORK

2.1 VARK Learning Style

The most widely used model of learning styles identification is that of Fleming and Mills known as
the VARK model [6]. It is a VARK questionnaire, which is used to determine a person’s preferred
learning style among the following: Visual, Auditory, Reading/Writing, andKinesthetic. The visual
learning style includes encompasses information presented in pictures and drawings, the auditory
learning style involves listening to and engaging in discussions. Text-based learners perform well
in reading/writing whereas hands-on/experiential learners are of the Kinesthetic type.

The VARK framework has been widely used in studies of education for instructional design and per-
sonal learning plans [1, 8, 9]. This can be systematically classified and help teachers and education
systems to present content in line with the most commonly preferred style of the learners. How-
ever, the VARK model isn’t an exclusive one, because many students have multimodal learning
styles. This overlap causes problems in terms of classification and will make complex relationships
between learning properties more easily modeled using computational methods.

2.2 Classification Machine Learning

Machine learning (ML) is an important element of educational data mining (EDM) and can be used
to assist predicting learning models [10]. Machine learning algorithms (classification methods)
are widely used in EDM to perform tasks such as performance prediction, dropout detection, and
learner profiling in the presence of a teacher [11, 12]. ANNs and RT are classification algorithms
that have been extensively studied for their ability to model nonlinearly and in high-dimensional
feature spaces.

In particular, ANNs, such as multilayer perceptron models, can learn complex feature interactions
[13]. As ensemble learning techniques, RT models are immune to noise, less vulnerable to overfit-
ting, and better generalizers [14].

2.3 ML for Learning Style Identification

Recently, increased attention has been paid to the application of artificial intelligence to personalized
learning and to the discovery of learner styles [15]. Several studies have used machine learning
algorithms to determine learners’ appropriate learning styles, enhancing individualized learning
and improving the effectiveness of personalized education. Norwawi et al. explored how students’
learning styles impact their performance in computer programming courses. They applied machine
learning algorithms, including k-means clustering, to identify which learning styles were most
conducive to success [16].
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In another study, the authors employed computational intelligence algorithms to analyze learner
behaviors and interaction patterns to classify learning styles [17]. Additionally, Pantho and Tiantong
utilized the C4.5 decision tree algorithm to classify learning styles [18]. Furthermore, studies have
proposed frameworks that use web usage mining techniques to analyze online behavior and uncover
user patterns, suggesting that integrating data-mining techniques into e-learning systems can help
personalize the learning environment [19]. Additionally, researchers have collected learners’ data
and analyzed it using various data mining algorithms in a self-regulated e-learning environment,
demonstrating the potential of data mining to accurately identify learning preferences within the
considered e-learning system [17].

Collectively, these studies highlight the potential of AI-driven approaches for enhancing personal-
ized learning by accurately identifying and accommodating individual learning styles. Moreover,
strong evaluation metrics such as kappa statistics and ROC-AUC are not always reported, even
though they are essential for assessing agreement beyond chance and classifier performance. There
is also a lack of empirical research in definite educational settings and research on groups of students.
With these gaps in mind, the current study examines the application of ANNs and RT classifiers in
one comprehensive experimental design to infer learning styles using the famous VARK model.

3. EXPERIMENTAL METHODOLOGY

3.1 Dataset Overview

This study used a questionnaire administered to students in the Gifted Unit of Northern Border
University to obtain the required data. Major, sex, year of study, and responses to the VARK
questionnaire were among the variables collected. The participants represented various academic
majors within the Gifted Unit. FIGURE 1, shows the gender distribution of the participants, with
39 females and 33 males.

Figure 1: Gender distribution of participants

The participants in our survey came from different colleges at Northern Border University, as shown
in FIGURE 2.

The distribution of students by academic year is shown in FIGURE 3. 13 students were in their first
year, 12 in their second year, 29 in their third year, 9 in their fourth year, and 9 in their fifth year.
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Figure 2: Distribution of participants by college

Figure 3: Distribution of participants by academic year
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3.2 Experimental Setup

The data mining toolkit Weka [14], was used; it is an open source software toolkit developed at the
University ofWaikato for machine learning& datamining. Weka has a large arsenal of classification
algorithms, and works well with other machine learning tools, so is a popular tool for both research
and the industry. To predict students’ learning styles, twomachine learning classification algorithms
were used. A ten-fold cross validation method was utilized to assess the performance of the model
employing different measures to safeguard robustness and reduce sample biasing.

3.3 Algorithms

Data classification is a systematic procedure that applies well-organized methods to identify an
appropriate model to classify data of different types. The most critical job of classification is to
correctly predict into which category a given data instance belongs. This occurs through training a
set of classes on a set of data that has been previously labelled with classes: this is what is used to
build models. The resulting classification model is then validated on a test set that has properties
similar to those in the training set, but no labels. This process results in a predictive model that is
able to appropriately classify new data instances.

In this study, two machine learning models based on two different algorithms have been created:
ANN and RT. The machine learning algorithms include decision tree algorithms (RT), which are
algorithms used to recursively split the data based on the value of the attributes and build a tree-like
structure. The RT algorithm was chosen due to its interpretability, efficiency and ability to pro-
cess numerical and categorical data. A multi-layer perceptron (MLP) was used for implementing
ANN algorithms. This algorithm emulates the architecture of the human brain and consists of
interconnected layers of one or more hidden layers and one output layer. The multi-layer perceptron
is able to model non-linear relationships between the input features and the target classes; therefore,
it can be used in complex classification problems such as predicting learning styles. This algorithm
is based on the organization of the human brain and is characterized by interconnected layers,
including one or more hidden layers and one output layer. The multilayer perceptron is capable
of non-linear associations between input features and target classes; hence, it applies to complex
classification problems, such as predicting learning styles.

4. RESULTS

4.1 VARK Results:

The experimental analysis was performed on a set of 72 student cases, each characterized by five
attributes, which are academic indicators. The target variable was students’ learning style across
four predetermined classes: Visual (V), Auditory (A), Read/Write (R), and Kinesthetic (K). The
various categories of the 72 respondents is provided in FIGURE 4.

The outcomes uncover that about 50% of the learners have a kinesthetic (K) learning style, whereas
28 auditory (A), 6 reading/writing (R), and 2 have a visual (V) learning style.
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Figure 4: VARK analysis results for the learners

4.2 Machine Learning Algorithms Performance

TABLE 1, shows the tested algorithms in a summary on regular assessment metrics.

Table 1: Classification of the two tested algorithms

Algorithm Accuracy (%) MAE Kappa Statistic
ANNs 73.61 0.1846 0.5356
RT 75 0.1569 0.5546

Results indicated that the RT algorithm outperformed the ANN algorithm with regard to overall
accuracy and Kappa statistic, providing better generalization in determining learning styles. The
ROCwas performed to evaluate the discriminating power of the classifiers with high scores obtained
by both algorithms, showing that they were robust and had high confidence in their ability to
discriminate (TABLE 2).

Table 2: The AUC scores of the tested algorithms

AUC ANNs Scores RT Scores
AUC (Visual) 0.98 0.98
AUC (Aural) 0.87 0.88

AUC (Read/Write) 0.95 0.96
AUC (Kinesthetic) 0.87 0.87
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Table 3: Confusion matrix of the two algorithms

ANNs Algorithm RT Algorithm
K V A R K V A R Actual Class
27 0 9 0 33 0 3 0 K
1 0 1 0 1 1 0 0 V
5 0 23 0 10 1 17 0 A
3 0 0 3 3 0 0 3 R

In addition, the confusion matrix uncovers the group performance of both algorithms by depicting
the total of right and incorrectly categorized cases for both learning style classes (TABLE 3).

TABLE 3, shows the confusion matrix for the RT and ANNs classifiers. The outcome indicates that
the RT model properly categorized 54 cases out of 72 cases, while the ANN model appropriately
classified 53 cases out of 72 cases.

The two algorithms demonstrated efficient execution times with promising applicability in the
real-world education settings. Overall, the investigational outcomes signal that the RT algorithm
is better at prophesying learner’s learning styles than the ANN algorithms among the numerous
assessment means. These outcomes prove that ML techniques may be employed in the VARK
structure supporting individualized learning situations.

5. DISCUSSION

AI and ML have revolutionized almost all fields in recent times, including higher education. Learn-
ing analytics in higher education institutions has offered advantages across instruction, organization,
and research. Academically, ML supports the primary risk findings that enable timely interventions,
whereas adaptive systems respond, monitor, and capitalize on individual needs [20]. The findings
discussed above show that ML can be useful for forecasting students’ learning styles within the
VARK framework. The higher performance of the RT algorithm on most evaluation metrics, es-
pecially accuracy and absolute error, indicates that it is better positioned to capture the complex,
nonlinear relationships inherent in educational data.

The increased value of the Kappa obtained by the RT algorithm is another way to confirm that
the predictions it makes are not due to mere chance agreement but rather a real indication of a
significant correlation between the predicted and actual learning styles. The ANNs were used to
address the non-linear mapping between inputs and outputs that was complicated [13]. Research has
indicated that ML simulations have overtaken conventional academic counseling methods and that
these simulations incorporate a wide array of variables in their analyses [21, 22]. For instance, it has
been shown that the use of ML models in selecting prospective careers can be of significant benefit,
as they match students’ skills to the selected career [23]. RT algorithms have been characterized as
highly effective in informing different interventions [24].

Although the results of this study were encouraging, the sample size was quite small because the
researcher considered only students in the Gifted Unit at Northern Border University. This small
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sample size and the small amount of data may have affected the accuracy of the ML algorithms
tested and/or their relevance to larger student populations. The suggested approaches need to be
made much stronger by conducting future investigations with a significant number of students who
have a diverse range of learning attributes and academic qualifications.

6. CONCLUSION

This study examines howML learning techniquesmay be utilized to clarify student learning styles as
per the VARKmodel. The ANNs and RT classification algorithms were implemented and evaluated
with respect to their capacity in discriminating among learners in high preference for learning
styles. The results of the experiments showed that the developed machine learning models could
effectively mimic the most important patterns in relation to learning styles. The results showed
that the model trained by the RT algorithm had better performance than the other models in all
the evaluation indicators. The findings herein contribute to the growing body of literature on
educational data mining (EDM) and intelligent learning systems, and demonstrate that data-based
methods for learning-style recognition are feasible. The results serve as a foundation for conduct
further research to improve the adaptive learning process and the application of artificial intelligence
in college education.
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