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Abstract- Online learning, based on the integration of
emerging technologies in education, has experienced
remarkable growth in recent years, completely
transforming traditional classroom teaching environments.
To enhance the online learning experience, it is essential
to provide relevant learning materials tailored to students'
needs and preferences. Identifying learners' learning styles
and preferences is a challenge for educational institutions,
educators, and researchers. This challenge has led to the
incorporation of artificial intelligence technology into
virtual classrooms. In this study, we use a chatbot agent -
one of the most popular Al tools - to identify the digital
profiles and learning style preferences of students. The
Felder-Silverman Learning Style Model (FSLSM), a
widely recognized model, serves as the foundation for the
identification process. During interactions with the chatbot
agent, integrated into an online learning platform, learners
are classified based on the model's parameters.

Keywords: Artificial Intelligence, Chatbot, Education,
Student’s Digital Profile, Styles of Learning, Filder-
Silverman Learning Style Model.

1. INTRODUCTION

Information and communication technology (ICT) are
used extensively in today's educational institutions
because it provides a new avenue for knowledge
acquisition through a variety of sophisticated functions
like accessibility, communication, flexibility, and
engagement [1]. The Learning Management Systems
(LMS) are online learning platforms that continuously
digitize materials for students with different backgrounds
and learning objectives to enhance the learning process
and students' performance. Nevertheless, students may
select materials from the vast amount of information that
is available to them during their learning process that are
not appropriate for their educational needs.

In this context, accurately recognizing the traits of the
learners is crucial to the task of enhancing both the process
of learning and the performance of the learners.
Accordingly, LMS must consider the user's characteristics

when delivering learning content [2]. Thus, it makes it
possible to establish a system of adaptive learning based
on the students' learning profiles.

It aims to attribute to learners a specific learning
content, then ensure for each learner a learning in
accordance with his aptitude, personal characteristics, or
learning style. These adaptive learning systems are
developed based on artificial intelligence (Al)
technologies, learning analytics, and educational data
mining [3]. They support learners in planning and
monitoring their learning processes through automatic
interactions with the system that provide independent
progression from the typical course instruction. Besides,
these characteristics represent the " student learning profile
" they may be generated by a system (Computer learning
Environments including a student model unit) , which is
used to indicate the representation of a set of information
about the learners, describing their knowledge, skills
and/or conceptions, preferences, educational expectations,
information about possible disabilities, information about
motivation, emotions and learning styles., identified at the
end of a pedagogical activity.

The present research focusses on the dimension of
learning styles while employing artificial intelligence (AI)
for identifying students' digital profiles and learning
preferences using an educational chatbot. The process of
Information and knowledge acquisition refer to term
"learning style." which represent the most effective mode
of instruction or study for them [4], [5]. With the aim to
provide a higher educational resource and increase
effectiveness of the learning process. Various scientific
models are employed to identify learning styles; these
models divide learners into groups based on their
personality traits and environmental circumstances.
However, for this project, the FSLSM is chosen for been
the most frequently applied model considering its ability
to categories students according to their preferences across
four distinct groups. during a digital learning process. The
Index of Learning Styles (ILS) is an assessment deployed
in this model to evaluate learners’ preferences among four
categories.
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In this paper, we aim to experience the design of a
chatbot as an artificial intelligence (AI) tool integrated
among the different functionalities available in the
learning environment, in the intent of detecting learning
styles according to the FSLSM model. The chatbot will
rely on the ILS instrument using all 44 questionnaires to
specify the four distinct dimensions of each user's learning
style, and it can propose recommendations of learning
materials and content in real time. The chatbot's design is
based on an earlier project that used a model for
educational chatbots adapted to the educational field and
served to all the personnel engaged in the process. The
experiment described in this study was carried out on
master’s degree candidates in several disciplines engaged
on the use of the educational chatbot.

Section 2 provides a theoretical foundation for the
topic's subject. The experiment methodology is outlined in
the 3rd section; while the findings are examined in section
4, and the paper concludes in the final section.

2. THEORETICAL FOUNDATION

2.1. Learning Styles Concept

While in didactic, learning is considered as the process
that describe the conceptual changes of learner’s
perceptions about a special learning continent, the study of
the conditions and the ways of this change is crucial to
enhance the learning performance [6]. Learning outcomes
are influenced by various contextual and individual
factors, as many research studies have confirmed,
especially with the growth of online learning. Learning
style differences have been considered in the last several
years as a major factor that influences the educational
performance of learners, which drives teachers to take into
consideration this diversity among learners in the course
design [7].

Theoretically, learning styles reflect the individual
preferences for learning; They constitute a part of the
general concept of personality. The education experts
define learning styles as the way individuals differ in their
study mode or instruction, which is most effective. Other
studies confirm that the recognition of learning style of
learners is crucial to providing the best potential strategy
for promoting learning and deeper understanding of the
learning objects [8]. According to Felder and Silverman
the founders of the previous model, learners may
experience challenges during the learning process if the
way of teaching is not compatible with their style of
learning [9]. In this instance, adaptive learning systems
integrate learning styles as a factor in personalized
learning [10]. In [11], depending on a variety of models
indicated in the literature, in order to classify learners into
distinct groups.

2.2. Felder Silverman Learning Style Model

The literature provides a range of models for learning
preferences, such as the David Kolb’s, Honey and
Mumford’s model, the VARK model by Fleming & Mills,
and finally Felder-Silverman’s model. These models focus
either on external conditions or personality; they analyse
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different characteristics and their impact on the learning
styles of learners. FSLSM was selected as a reference for
our investigation since it is regarded as the most frequently
deployed as a reference of learning style model in
technology-enhanced learning especially in adaptive
learning systems [12]. In [13], the ability to classify
learners into four dimensions; for FSLSM, the learning
styles are tendencies rather than obligatory categories [14],
unlike other models, and have been easy to implement
[15]. While the Index of Learning Styles (ILS) is an
investigation of 44 questions, originally developed by the
two scientists Felder and Solman as an assessment for
ranking learners' Classification processes. Each dimension
of this model is defined on a ranging scale between +11
and -11.

The previous model used four distinct dimensions to
define the style of learning among the categories: active-
reflective, sensing-intuiting, visual-verbal, and sequential-
global. While processing dimension including the active
and the reflective sides of the FSLSM relate to how
information is processed, students who scored higher on
the active scale are more likely to learn through active
experimentation, conversation, or teaching others. On the
other hand, students who belong to the reflective scale are
more likely to observe critically. The visual and verbal
dimension is about how the information is perceived by the
students. The ones on the sensing scale prefer to use their
senses to take in information, while students on the
intuitive scale rely more on their memories and insights.
The third-dimension focusses on how information is
received. Verbal learners prefer written words as their
primary mode of learning, while learners with visual
preferences prefer that information be presented through
pictures, flow charts, diagrams, or videos. The final
dimension is related to how the students understand
information. Sequential learners tend to learn in logically
linear phases, building one concept upon another. On the
other hand, global learners need to develop a
comprehensive understanding of a subject before delving
into its specific details.

2.3. Chatbot as an Artificial Intelligence Educational
Tool

Conversational Al opens up exciting new avenues for
innovative tools in the field of information and
communication across technologies, like Al chatbots. The
rapid advancement of ICT will undoubtedly influence all
sectors, including education, in significant ways [16]. A
chatbot is considered as an advanced application that
integrates first Artificial Intelligence (Al) technology with
the Natural Language Processing technology, among other
different technologies, to interact in meaningful
conversations with humans via text form or voice [17].

In contemporary times, chatbots, also recognized first
as conversational agents, then simply bots and virtual
tutors, they are increasingly integrated across diverse
fields within the sciences. Currently, in education, chatbots
are being introduced and employed to improve current
services or develop new ones, thanks to the digital
transformation process [18].
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Many educational chatbots are primarily focused on
delivering support services, a field in which chatbots have
previously demonstrated promising results in a variety of
other industries. such as medicine, banking, or customer
services. Conversely, there has been a significant rise in
the number of chatbots designed for teaching. These
chatbots aim to impart knowledge to specific students,
typically focusing on particular topics. They are employed
in all the forms of education settings, serving the purpose
of generating knowledge similarly to a human tutor.
Students appreciate the positive impact of educational
chatbots, such as enhancing self-motivation, improving
organization, and fostering autonomous learning, all of
which are generally effective.

3. METHODOLOGY

For the purpose of realizing the initial goal of this
study, identifying the learning style of learners, in order to
collect data, a quantitative approach was adopted through
a questionnaire. The conceptual framework of the study
was build based on the FSLSM through the index of the
model (ILS) Which is founded free online, valid, reliable,
and appropriate for determining learning preferences. The
research instrument's validity and reliability were
confirmed through pilot studies based on previous expert
opinions and judgements conducted by researchers.

3.1. Study Simple

The first section of the survey included demographic
questions about the replier’s personal backgrounds, which
included gender, year of study, and programs. The research
sample consisted of a representative population of students
currently enrolled in the Faculty of Sciences Ben Music,
University of Hassan 2 Casablanca, in the academic year
2023-2024. There were 115 respondents from different
master's degree programs. As mentioned in Table 1, 56%
of the respondents were female, while 44% were male. In
terms of study program, 60% were enrolled in the
computer sciences program, followed by 21% of chemistry
program students, and 19% of educational engineering
program. The student sample was divided between 1st- and
2nd-year students.

Table 1. Demographic data

Factor Modality | Number | Percentage
Gender Male 50 44%
Female 65 56%
» | Computer | Yearl 40 35%
go sciences Year 2 29 25%
8 | Educational | Year | 12 11%
8 | Engineering | Year2 9 8%
S . Year 1 17 15%
= | Chemistry 1~ 8 6%
3.2. Research Tool

For this study, an integrated educational Chatbot was
deployed as conversational agent into the learning
management system for the purpose of collect data from
the responses of users. The chatbot was developed using a
free online tool based on a previous model designed to
assist in the identification of student’s learning styles [19].

The chatbot’s interface is released in accordance with
Natural human conversation structure which is generalized
using the natural language processing system (PNL) [20].
The Chatbot’ interface is straightforward, with only one
choice for each questioning, as in Figures 1 and 2.

@ Hi There®

We reply immediately

Hello . " Welcome to the chatbot of
the faculty of sciences Ben M'sik,

I will ask you some questions in
order to identify your style of
learning

Hit the button to respond
® e
NS

Figure 1. Interface of the ‘Hello’ message

@ Hi There®

» We reply immediately

Perfects Let's start the test!

| understand better something when

think it trough

Enter your message... e

Figure 2. Question 1 of the first dimension

The repartition of questions in this study is divided into
two sections. Section 2 consisted of 44 questions based on
the ILS questionnaire, which was used in its original form
to assess the preferred learning style among the Ben M’sik
Faculty master degree’ students in their educational
process. Each question has two choices; both of them are
correct, and students should choose the answer
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corresponding the most to their way of learning. Table 2
show the components of the Felder and Silverman
Learning Style Index [21].

Table 2. Repartition of FSLSM Index Learning Style questions [21]

Dimension Tendency Questions items total
Processin Active 1,5,9,13,17, 21,25, 1
OCCSSINE ™ eflective 29,33,37, 41
. Sensing 2,6,10, 14, 18,23, 26,
Perception ™4 itive 30,32, 34, 38 1
Input verbal 3,7,11,15,19,24,27, 1
pu Visual 31, 35,39, 43
. Sequential | 4,8, 12, 16, 20, 25, 28,
Understanding Global 32,36, 40, 44 11
44

Table 2 indicates that there are 11 question items in
each dimension; as the total is 44 items, each question is
calculated with a score ranging from 1 and 11
(representing the first option of the learning style category)
to -11 and -1 (representing the second option of the
learning style category). The data was recorded and
analyzed using column charts, and the results were
presented as figures in the following section.

4. RESULTS AND DISCUSSION
This research attempts to identify the tendency among
the dominant learning styles and preferences of Master
degree students. The interpretation of the score detecting
each category of student learning style tendencies [21] is
mentioned in Table 3.

Table 3. Learning Style Tendency [21]

Marge of the score | Category
9-11 Strong

5-7 Moderate

1-3 Balance

4.1. Preferences Toward Processing Information

Figure 3 indicates that 56.5% of respondents are
classified as well-balanced between active and reflective
learning styles, as their scores fall within the range of -3 to
3 on the scale.

25%
20.0%
9 f—
20% 15.7% E
o 0 =
%n 15% 122%4(y =
S 10% E
5 =
e . 3.5% =
> 0.0%09% = E E
0% - = EEEE
19 7 5 3 -1
=% 0.0 0.8 3.4 12. 10. 15. 20.

=% Score of Active/Reflective

Figure 3. Chart of the Active/Reflective dimension

While 25.4% of repliers are moderate active learners,
15.7% are moderate reflective learners, and the remaining
2.6% are considered strong active learners, and 0.9% are
strong reflective learners.
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4.2. Preferences Toward Perceiving Information

For the sensing/intuitive dimension, Figure 4 shows
that 47% of respondents are well-balanced on this scale,
while 38.3% are moderately inclined toward sensing, and
11.1% exhibit a strong preference for the sensing style of
learning. This suggests that most students prefer to process
information through a blend of both sensing and intuitive
approaches.

25%
20% 18.3048.3%88
o 15% 14.8%
on
g 9.6% 79
= 0% 4.7%
3 7.8%
5 , 6.1%
= 5% 2.6%
0% 0.0%0.0%0.0% M
A1 -9 7 -5 3 -1 7

®% 0.0 0.0 0.0 2.6 6.0 7.8 14. 18. 18. 20. 9.5 1.7

m % Score of Sensing/Intuitive

Figure 4. Chart of the Sensing/Intuitive dimension

4.3. Preferences of Sensory Channel to Perceive
Information

The distribution of respondents in Figure 5 highlights
preferences within the third dimension: visual or verbal
learning styles. The figure clearly indicates that the
majority of students are visual learners, with 20%
exhibiting a strong preference and 34.8% showing a
moderate preference for the visual sensory channel when
processing external information. In contrast, only 1.7% of
respondents demonstrate a moderate preference for verbal
learning.

25%
20%
15.7%
5 15% E122%
% 10% E £
5 6.1% B B
~ . 43% = =
3% 17% = g B
0.0%0.0%0.0% _ = E E B
00/ = = = = = = = ==
19 7 5 3 1 3 5 7 9
2% 0.0 0.0 0.0 1.7 43 6.0 12. 20. 19. 15. 12.

=% Score of Visual/Verbal

Figure 5. Chart of the Visual/Verbal dimension

4.4. Preferences Toward Understanding Information

The majority of participants (62.7%) demonstrated a
well-balanced approach to sequential and global learning
styles in the understanding component. Additionally, 3.5%
showed a strong preference for one of these learning types,
while 28.7% were moderately inclined toward sequential
learning. These findings suggest that students in this study
tend to equally favor both sequential and global
approaches to understanding information.
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25%
0,
20% 20.0% 18 3,
o 15.7%E 15.7%
ED 15%
5 10%
5 3.5%
&~ 5% ’
0% = H 8 B B B B B B .
-9 -7 -5 3 -1 1 3 5 7 9 11
% 0.0 0.8 0.0 3.4 11. 15. 20. 15. 18. 10. 2.6 0.8

2% Score of Sequential/Global

Figure 6. Chart of the Sequential/Global dimension

The study outcomes showed that over 50% of learners
were identified as “well-balanced” on two out of four
dimensions of learning styles, which are processing and
understanding. The highly preferred tendency of learning
was visual, followed by sensing, while the last chosen
tendency of learning was intuitive, followed by verbal.
These findings are in perfect correlation with a previous
study [22] but different from others [23] and [24], which
declare that all categories of learning styles are above 50%.
For the processing dimension, the findings contradict a
previous study released by Oxford [25] which pretends
that learners are all the time reflective. Another study [26]
reported that learners are not strictly classified into one of
the active-reflective categories of the mean learning styles.
Similarly, for the sequential/global dimension.

Regarding the sensory channel to perceive external-
source information, the majority of respondents according
to this study confirm that they prefer visual to verbal,
which remains unchanged from an earlier study [27] and
[28] that revealed most learners have a tendency towards
receiving information in the shape of visual aids such as
pictures, images, diagrams, and charts. Otherwise, the
reason behind the last-opted tendency to be intuitive is that
learners trust usually the senses rather than intuition.

5. CONCLUSION

Learning style is considered a major factor which
impact the design and the advancement of personalized
learning systems. While the online learning environments
are in increasing use today, the learner’s profile can be of
great use for the advancement of the learning process.
Identifying the learner’s learning profile may help to better
understand how the user interacts with the learning
contents, which will play a vital role in designing adaptive
and functional learning environments which are created in
order to deliver the learning resources that are specific to
the requirements and characteristics of each learner. The
adaptive learning systems provide the possibility to create
a cluster in order to group learners depending on their
learning styles and preferences, which would help the
instructor understand the variety of learner’s groups and
their behaviors towards different learning objects.

Through this work, we integrate Al technology for the
sake of education. The created chatbot was designed to
recognize the student’s style and preferences of learning
based on the FSLSM. The conversation with the chatbot
applied the ILS instrument for the identification process.
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The first step while detecting the user's learning style
using the system was collecting general information about
the user. This step was followed by the ILS questionnaire
and the different questions of the four dimensions.

This survey provides the identification of users
learning styles. Considering the processing and
understanding dimensions, students were founded as
“well-balanced” between the two tendencies of the
dimensions, while for the perceiving and sensory channel
of information dimensions, there was a relatively large
preference for one tendency over the other. As an
implication, this study has clarified the learning needs
among the population of the survey and found out that
there is large preference for one tendency over the other.
Consequently, this study has clarified the learning needs
among the population of the survey and found out that
there is a preference for various forms of learning content,
such as visual and sensing forms, which should be
incorporated while developing the learning objects. As for
the primary stakeholders of this study, we consider
researchers, learners, educational staff, and decision-
makers who can have an overview of student’s perceptions
online learning for further implementation of instructional
strategies.

However, the findings of this study were the results of
the first implementation of the chatbot into the learning
system. The results should be considered with caution, as
they are based on some specific levels and programs. A
large-scale study that involves other students from
different programs is a must before proceeding with the
development of learning content adapted to the student
preferences. As for a future work, it can be a study of
students learning styles based on other models integrated
into the same chatbot, which may provide fruitful findings
from a diversity of perspectives on learning style. Lastly,
an investigation study could be carried out as a comparison
of student learning performance between a normal, unique
learning process for all types of students and a learning
process based on students’ learning styles.
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