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Student modeling is a fundamental aspect in customized learning environments.
It enables unified representation of students’ characteristics that supports
creating personalized learning experiences. This paper aims to build an
effective student model by combining learning preferences with skill levels.
A student profile is formulated upon detecting the user's learning styles and
learning preferences, as well as their knowledge level and misconceptions.
The pieces of information are collected through an interactive online platform,
by completing personal and knowledge assessment quizzes. Moreover, a
learner can make his/her profile open for other learners as a starting point
for supporting collaborative learning. The results showed an improvement of
students’ educational achievements who used the platform, and the satisfaction
level reported by non-neutral users was averaged as a score of 90%. The
evaluation of this platform showed promising results regarding its ability in
describing students in a comprehensive manner.
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1 Introduction

Classical learning systems, either in-person or online, have usually been designed from
a teacher’s perspective, where one learning path was meant to fit all students. This path
does not take into account the differences between learners, resulting in demotivated
learners with low engagement with a course (Raleiras et al., 2022). One way to overcome
this issue is by considering learners’ traits to offer the ability to deliver learning materials
according to those traits. Such a technique is called learner modeling. The construction of a
learner model is a key step in designing personalized e-learning conditions with a learning
management system. The main goal of this modeling is to draw out user attributes in order
to customize the learning processes taking into account learners’ styles, personalities, and
needs (Abbasi et al., 2021).

In this study, we aim to build up a user model where no previous data or interaction
of the student is available. The considered characteristics are learning styles, learning
preferences, knowledge levels, and misconceptions. We will try to find out the impact of
determining each of these measures on the learning outcome. Additionally, the idea of
collaborative learning is presented to open the door for further studies.

2 Background and related studies

In this section, a background about this study will be presented as well as related studies
found in the literature.
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2.1 Intelligent tutoring system

An intelligent tutoring system (ITS) is a computer system
that imitates human tutors and aims to provide immediate and
customized instruction or feedback to learners (Psotka and Mutter,
1988), usually without requiring intervention from a human
teacher (Arnau-Gonzalez et al.,, 2023). ITSs have the common goal
of enabling learning in a meaningful and effective manner by using
a variety of computing technologies. ITSs are often designed with
the goal of providing access to high-quality education to each and
every student.

Intelligent tutoring systems (ITSs) consist of four basic
components based on a general consensus among researchers
(Freedman, 2000; Nkambou et al., 2010): domain model, student
model, tutoring model, and user interface model.

Without diminishing the importance of other components
within the ITS architecture, the student model is notably regarded
as the central element, focusing on the cognitive and affective states
of students and their progression throughout the learning journey
(Mitrovic, 2010). Utilizing the student model, the ITS dynamically
customizes instruction to suit each learner’s needs (Brusilovsky,
1994), thus affirming its pivotal role as the principal facilitator of
“intelligence” within the I'TS architecture.

2.2 Personalized e-learning systems

Traditionally, learning systems were seen as “one-size-fits-
all” systems, where they offered the same learning objects in
the same structure to all students (Imran et al., 2014). However,
students differ in their characteristics in terms of knowledge levels,
misconceptions, learning styles, and preferences. Personalization
addresses this issue to improve students’ overall satisfaction
(Fraihat and Shambour, 2015).

Furthermore, learning has become more student-oriented,
replacing traditional learning tools with personalized learning
systems (Sikka et al.,, 2012; Abouzeid et al., 2021). It has been proved
that learning success can significantly be enhanced if the learning
content is individually adapted to each learner’s preferences, needs,
and learning progress (Sikka et al,, 2012). Students in the same
class have varying knowledge levels and learn at different paces.
There is a higher chance to succeed academically if they are
supported individually. Thus, personalized education will help
advance education quality by developing an individualized style
of thinking and allowing learners to adapt more quickly to the
learning environment (Zagulova et al., 2019).

The topic of personalization in e-learning has been the center
of several recent studies (Bourkoukou et al., 2016). Recommender
systems can be adopted to support personalization through
recommending appropriate learning objects to learners taking into
consideration their exclusive needs and characteristics (Fraihat and
Shambour, 2015).

2.3 Student modeling

As demonstrated in the preceding sections, the student model
serves as the central component of any ITS or personalized
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e-learning system, making the development of an advanced student
model critical. This can be achieved through two primary methods
of data collection from learners: explicit gathering, which involves
direct acquisition of data from learners, or implicit monitoring of
their activities on a learning platform. A robust student profile
can be readily tailored to individual learners based on their
preferences. In the realm of e-learning system personalization,
learner models play a pivotal role, guiding the recommendation of
the most suitable learning resources based on learner characteristics
(Ciloglugil and Inceoglu, 2018). Various features are incorporated
into recommender systems for personalization, encompassing
learners’ preferences, goals, prior knowledge, misconceptions, and
motivation levels (Jeevamol and Renumol, 2021). The following
subsections describe the main components we should incorporate
into a student model.

2.3.1 Learning styles and preferences

Learning styles play a crucial role in the personalization of
online learning; studies have proved a direct relationship between
learning styles and the challenges that students face.

As defined by Keefe, “learning style is the composite of
characteristics of cognitive, affective and psychological factors that
serve as relatively stable indicators of how a learner perceives,
interacts with, and responds to the learning environment”
(Zagulova et al., 2019). However, Karen and Felicetti (1992) defined
learning styles, to be the educational conditions under which a
student learns best. Thus, learning styles are concerned with how
students would prefer to learn rather than what they actually learn.
Many operational and conceptual models exist for learning styles
(Kolb, Felder-Silverman, Myers-Briggs, Honey and Mumford,
VARK, etc.). These models differ in the conclusions they draw, and
the conditions they suggest to improve learning (Zagulova et al.,
2019).

For this research, Neil Fleming’s VARK model will be
considered for defining students’ learning styles. The acronym
VARK stands for Visual, Aural, Read/write, and Kinesthetic styles.
This model was introduced by Fleming and Mills and is established
on the experiences of students and teachers. The Visual learning
style represents information as maps, diagrams, charts, graphs,
flowcharts, and symbols instead of words. The Aural learning style
suggests a preference for information that is heard or spoken.
Those with such a learning style learn best from group discussions,
lectures, phone, radio, and talking about concepts. Learners having
a Read/Write learning style prefer information to be displayed
as words. This learning style highlights text-based input and
output, such as reading and writing manuals, books, assignments,
essays, and reports. Finally, the Kinesthetic learning style implies
a perceptual preference for hands-on experience and practice that
can be simulated or real. It encompasses demonstrations, case
studies, videos, simulations, and movies (Bajaj and Sharma, 2018).

The VARK model was nominated for this study as it is an
easy tool that can determine how to maximize students’ learning,
by accurately assessing the effectiveness of different means of
obtaining knowledge. The concept of this model is based on two
main ideas; first, teaching students with their preferred methods
significantly impacts their success in the processing of information
and education. Second, acquiring knowledge by students with the
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use of their individual learning styles leads to the best degree
of motivation, interest, and understanding (Hanurawan, 2017).
Moreover, it deals with the different perceptual modes, where the
only modes, or senses, that it does not consider are taste and smell.
The VARK inventory offers metrics regarding the four modes,
where an individual may have preferences varying from one to all
four (Hawk and Shah, 2007).

The determination of the VARK learning style is achieved
through the VARK questionnaire, which has demonstrated its
validity and good reliability and has been adopted by many studies
(Katsioloudis and Fantz, 2012; Ringo et al., 2015; Hasibuan and
Nugroho, 2017; Aldosari et al., 2018; Abouzeid et al., 2021).

The concept of learning styles and other learning preferences
has been employed in optimizing recommendations to personalize
e-learning platforms. Many researchers have addressed this
relationship from different perspectives. Several studies have
attempted to build a user model by detecting user interaction with
a learning management system. The collected logs and transactions
are then used to estimate learning styles and traits (Hassan et al.,
2021; Lwande et al., 2021). Other studies have also made use of
the data collected on student behavior on the online platform. They
proposed models based on machine learning algorithms to identify
students’ learning styles, which resulted in promising outcomes
with adequate prediction of educational resources (Hassan et al.,
2021; Lwande et al., 2021). While Heidrich et al. (2018) used
classification techniques as well, they considered both the Learner
Learning Trail and the Learner Learning Style. Additionally,
software agents have played a role in monitoring users actual
activities to capture their learning styles (Rani et al., 2015).

The study by Ariebowo (2021) analyzed students’ preferences
and objectives in learning during the ongoing situation forced by
the COVID-19 pandemic.

2.3.2 Knowledge level and misconceptions

Broadly speaking, there are two ways to define the level and find
misconceptions, a dynamic one that relies on implicit information,
automatically gathered by observing users’ behaviors, and a static
method that depends on explicit questions.

In terms of static determination of characteristics, Agbonifo
and Motunrayo (2020) carried out a pre-test to measure students’
knowledge levels explicitly, in order to categorize them into three
segments based on their level. In the study by Krouska et al. (2021),
arule-based approach was utilized to identify misconceptions based
on the repair theory. Misconceptions are detected by answering two
consecutive quizzes with the same misconception. If the second
question is answered correctly, the system assumes that the first
incorrect answer was a result of student carelessness.

Regarding the automatic detection of misconceptions, in one
research (Ghatasheh, 2015) machine learning played a role in
user activity analysis, in which multiple classification algorithms
were employed to predict the knowledge level. Additionally, Amer
and Aldesoky (2021) used a multi-agent design for tracking and
monitoring students’ activities in order to model their knowledge
and misconceptions.

The
misconceptions was studied by Halim et al. (2021). The results

effectiveness of using online media to address

revealed that the following ordered treatments were the most
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effective in lowering the percentage of misconceptions: narrative
feedback, e-learning modules, and realistic video.

In our case, we will be more interested in static methods,
as we are working on the modeling of students in cold-
start circumstances.

2.4 Collaborative learning

Collaborative learning is defined as the mutual participation
and commitment of the engaged parties working together in a
coordinated effort to tackle the problem. In collaborative learning,
learning is seen as a shared experience (van Leeuwen and Janssen,
2019).

As online learning is becoming more dominant in education,
it has been found that collaborative learning and social factors
enhance activities of students’ learning; thus, their utilization
should be encouraged in teaching and learning in educational
institutions as it impacts the academic development of students
(Qureshi et al., 2021).

This study endeavors to construct an initial draft of a student
model comprising various elements aimed at characterizing the
student, including learning styles, preferences, knowledge levels,
and misconceptions. The primary objective is to provide students
with insight into themselves, particularly regarding misconceptions
they may hold, to observe how this awareness can facilitate
immediate self-improvement. Additionally, students will have the
option to share their models with peers, potentially fostering
increased collaboration among them.

3 Materials and methods

To accomplish the intended objective, a web-based platform
was developed, comprising a user interface for gathering users’
explicit data and an analytical backend component for interpreting
this data into the intended factors. Two categories of information
were collected: the first pertained to learning styles and preferences,
while the second focused on knowledge level and misconceptions.
To assess the assumptions, two methods were employed: an
experimental approach to determine the system’s impact and a
qualitative assessment conducted via a questionnaire.

3.1 User interface

The main objective behind the user interface is to offer students
an easy-to-use platform by which they can insert their information,
where everything will be in one place, with a smooth sequential
journey. The interface starts with a dashboard showing a summary
of the user’s progress and preferences where it offers the option to
navigate to other parts of the system to provide more data.

From the system a student can take a preference quiz, the
results of this quiz are presented in terms of learning preferences
and learning styles. The questions related to defining learning
style are set upon the VARK questionnaire (https://vark-learn.
com/the-vark-questionnaire/), which is a freely available tool for
assessing learning styles. The rest of the preferences are based on
the literature, and they include the material’s length, format, level of

frontiersin.org


https://doi.org/10.3389/fcomp.2024.1359770
https://vark-learn.com/the-vark-questionnaire/
https://vark-learn.com/the-vark-questionnaire/
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org

Abu-lIssa et al.

10.3389/fcomp.2024.1359770

Students take a pre quiz in Moodle
in the 4 topics
(Results and Answers kept hidden)

Students Login into
| Implemented Web-Portal
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preferences

A
Students answer'detailed quiz on
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get knowledge level &
misconceptions

\

The student can go to their
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\ 4

Students are asked to fill a
questionnaire about the <
experiment and about the portal
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Students take a post quiz in
Moodle in the 4 topics (different
questions from pre quiz)

FIGURE 1

Main steps to test the proposed system and to get an evaluation by users.

detail, content type, and language. For a number of questions, the
student has the choice to select all the answers that apply to them,
as one’s preferences do not strictly fall under one category.

In addition to that, the system contains courses, each of which
consists of a list of topics. To customize these topics, a level quiz is
available before starting a topic. These quizzes consist of a limited
number of multiple-choice questions covering the main concepts
in the intended topics. The quizzes are time-bounded, as the time
taken to complete the quiz plays a role in determining the student’s
skill level. The results of the quiz show the knowledge level, along
with any detected misconceptions.

Furthermore, students can set their profiles as public, enabling
other students to view their data, including contact details and
knowledge assessment results. The idea behind this feature is to
set the basis for collaborative filtering, where students who need
help in some area, can find other students who excel in that area.
Students with similar mindsets may find each other and get in touch
to study together. The target is to turn this into a network within
the platform, with in-platform chat, connections, and messaging.
Additionally, connected users will be able to create study groups
for knowledge sharing.

3.2 Learning style determination

As mentioned earlier, the questions related to learning style
were derived from the VARK questionnaire. The questionnaire
includes indirect questions about how one would prefer to get or
give knowledge in a situation where each option is associated with
a specific learning style. If one uses different methods for knowledge
exchange, then more than one option can be selected.

The learning style to which most of that user’s answers belong
is marked as the learning style of that user. In general, more than
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TABLE 1 Analysis of experiment results.

Student Minterms
Quiz2 Platform Taken
(Q1) result
1 0 5 1 y y
2 0 5 0.83 y y
3 0 5 03 y n
4 5 5 - n -
5 0 5 0.6 y

one style can be dominant among the answers. Thus, in such cases,
more than one style will appear in the profiles of these users.

3.3 Preferences interpretation

Some of the questions regarding learning preferences are
straightforward, such as the preferred language. However, others
are indirect or require some aggregation, such as those related to
the preferred level of detail.

3.4 Knowledge assessment

Knowledge assessment falls into two parts. The first part
assesses the mastery level of the examined topic, which can be good,
medium, or low. The level (good, medium, and low) is based on the
quiz score as a pure number, except if a misconception was detected
then the identified misconception will be shown instead of the level.

The second part is concerned with identifying the potential
misconceptions. Assessment quizzes contained options that are
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linked to misconceptions. If for the majority of questions the
selected answers hold a certain misconception, then it will be
concluded that the user has this misconception which needs to be
corrected. In addition to identifying the misconception, the system
will provide guidance on what the right thing to do is.

3.5 System evaluation

Figure 1 shows the main steps to test the proposed system and
evaluate the user experience. The subject of “Digital Design” was
selected, with four inner topics. To evaluate the effectiveness of the
system and the efficiency of the considered aspects, two approaches
were taken: empirical and questionaries. A group of 67 students
were examined using a pre-quiz and a post-quiz carried out through
Moodle. Between these two quizzes, the students registered on
the platform and went through the full experience. They took the
preferences quiz, navigated to the “Digital Design” course, and
completed the level quizzes for the listed topics. Finally, they were
able to preview their model on the portal.

For the empirical reasoning, the results from the pre-quiz were
compared against the ones from the post-quiz. The comparison
was based on multiple criteria to observe the effect of using the
system vs. not using it, and how identifying misconceptions would
impact students’ learning. The results from the two quizzes were
analyzed question by question with respect to the corresponding
results obtained from the platform. For each topic, the analysis
included the score from the pre-quiz, the score from the post-quiz,
whether a quiz for that topic was taken in the platform, the score
for the topic’s quiz from the platform, and whether a misconception
was detected. After detailing the results per topic, we ended up with
261 records.

Moreover, a questionnaire was carried out with the same group
of students to explore the extent to which they found the system
and the concepts behind it helpful. The questionnaire included 12
statements, and ratings were required to pinpoint the applicability
or degree of agreement with each of these statements. Some of the
questions were related to the quality of the website, while the rest
were to check the importance of the taken aspects in general.

4 Results and discussion

This section will present the main results obtained in the system
and the users’ evaluation of the system model.

4.1 Experimental results

In general, comparing the test results before and after using the
system, there was an increase of ~3 marks in the average results
between the two tests, where it went from 7.9 to 10.63 out of 20.
However, not all students took the four quizzes within the system;
therefore, the following analysis will be presented. Regarding this
analysis, 5 will be taken as the full mark.

To generate more precise conclusions, the results from the pre-
test and post-test were studied question by question with respect to
the results of the corresponding topic from the platform. In other
words, the result of each question from the pre- and post-quizzes
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was taken separately and linked with the quiz from the platform
that holds the same topic for each student. The parameters included
in the reasoning were the question score from the pre-test, the
question score from the post-test, whether a quiz for that topic
was taken in the platform, the score for the topics quiz from the
platform, and whether a misconception was detected.

In both the pre-quiz and post-quiz, the first question (Q1) was
about minterms, the second question (Q2) was about maxterms,
the third question (Q3) was about prime implicants, and the fourth
question (4) was about decoders. Where minterms, maxterms,
prime implicants, and decoders are subtopics in digital logic design
class. As each of these topics has an in-platform quiz, Table 1
illustrates how these parts were grouped in the analysis. M stands
for the presence of a misconception.

The results included 204 instances who had taken the in-
platform quiz and 56 instances who had not taken the quiz. The
results, as displayed in Figures 2A, B, show that the total mark of the
cases where the platform was used increased from 380 to 595, which
led to an increase of the average from 1.8 to 2.9 out of 5. In cases
where questions were answered without taking the corresponding
topic’s quiz, there was a slight decrease from 2.1 to 1.96 out of 5.
This indicates that the system helped students get better results.

More interestingly, there were 44 cases where the score in the
pre-test was 0, and after using the platform, a misconception was
detected. In all of these 44 cases, there was an improvement, and the
students achieved 5 in the second test. These results prove the effect
of telling the students their misconceptions and how correcting
such misconceptions leads to improving their knowledge. On the
other hand, there were 16 cases with a mark in the second test
that was lower than that of the first one. In total, 14 of 16 students
did not do well in the platform quizzes with marks between 0 and
50%. However, the system did not detect which misconceptions
were dominant for these students. Moreover, in such cases, the
system would just tell that the knowledge is poor as there was not a
consistent pattern of the answers.

Another aspect of the analysis was the effect of the system
on the different knowledge levels. Figure 3 shows the amount of
improvement per knowledge group. It can be seen that those with
poor and medium levels of knowledge had very similar degrees of
improvement, which exceeded the improvement that was seen in
students with good knowledge levels.

The impact of taking the knowledge assessment per topic
is shown in Figure 4. The greatest amount of improvement was
achieved in the second topic followed by the first one. To
interpret this finding, we observed the distribution of detected
misconceptions and noted that a higher number of misconceptions
were found in the first two topics compared to the third and
fourth topics.

4.2 Questionnaire results

Moving to the second part of the evaluation. The students
who experimented with the platform provided their points of view
through a questionnaire. The analysis of the results was divided
into questions supporting the idea and questions regarding the
efficiency of the proposed platform.
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FIGURE 2
(A) Total results comparison. (B) Average results comparison.
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Improvement per knowledge group.
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Improvement per topic.

Students’ opinions were generally positive about the concepts
suggested by the research. Figure 5 shows very few students
believe that knowing their misconceptions will not enhance their
knowledge. Figure 6 shows the majority of students agree on the
importance of displaying knowledge level on saving learners time.
We can see, from Figure 7, that the minority of only two students
disagreed that learning preferences aid the learning experience.
Figure 8 shows that four answers disagreed while three strongly
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= Strongly Agree

m Agree

= Neutral

m Disagree

= Strongly
Disagree

FIGURE 5
Knowing your misconceptions adds to your knowledge without

even taking any course.

m Strongly Agree

m Agree

= Neutral

m Disagree

= Strongly
Disagree

FIGURE 6
Showing material based on knowledge level saves the time of the
learners.

disagreed (a total of 10%), that seeing the public profiles alone is not
sufficient for facilitating collaborative learning. This suggests the
need for adding the features of chatting and connecting through the
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m Strongly Agree

m Agree

= Neutral

m Disagree

= Strongly
Disagree

FIGURE 7
Knowing the learning preferences is helpful in your learning journey
in general.

m Strongly Agree

m Agree

= Neutral

m Disagree

= Strongly
Disagree

FIGURE 8
Being able to see the public profiles of others facilitates
collaborative learning.

platform, in order to give more practical facilities for collaborative
learning. Moreover, there is a potential for adding the feature
of recommending learning materials according to the proposed
models and offering the option of rating these materials, per the
results from Figures 6, 9.

Another, and perhaps more crucial aspect, involves assessing
the system’s performance from the perspective of the sample group.
The results indicate quite positive feedback. Figure 10 shows that
none of the students disagreed about the ability of the platform
to decide learning preferences. Moreover, from Figure 11, it can
be concluded that the considered preferences were pretty much
what students might look for. The user experience measured in
Figures 12, 13 is good and can be easily enhanced. However, there
is room for improvement in the interactivity of the platform
(Figure 14), the intended capability of conducting study groups
could be one option for addressing this. Finally, Figure 15 shows
the student’s satisfaction regarding the quiz length used to obtain
their knowledge level and misconceptions.
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m Agree

= Neutral

m Disagree

FIGURE 9
Rating the provided material will adapt the results better.

= Strongly Agree

= Agree

= Neutral
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FIGURE 10
The platform was able to figure out your learning preferences.

= Strongly Agree

= Agree

= Neutral

= Disagree

FIGURE 11
The list of learning preferences is comprehensive (considers all
important aspects.

5 Conclusion and future work

This study proposed a new approach for learning management
systems that helps in personalizing the learning experience for
each user. The research took into account the student modeling
step of personalization, which is the first and most critical step,
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FIGURE 12
The platform is easy to use.

= Strongly Agree

m Agree

= Neutral

= Disagree

FIGURE 13
The platform has a decent-looking user interface.

as it sets the ground for the latter steps. The system analyzed
the personality aspect in terms of preferences and styles, as
well as the knowledge aspect, considering misconceptions and
knowledge levels.

After trying the system with the help of 67, it did well
in figuring out their learning styles, as it could detect their
misconceptions in some areas. Detecting misconceptions and
presenting them narratively guided the students on how to correct
them and improve their knowledge. On the other hand, identifying
misconceptions proved to be less advantageous for students already
possessing a good level of knowledge, as there was little room for
further elaboration.

The implementation of an ITS based on the built profile to
suggest material that matches the preferences and knowledge of
each individual could be worked on in a future study. Users
can give feedback about the recommended material, offering the
opportunity to adjust the generation of those materials. In addition,
the interaction of students with the system could further improve
the contents of the student model.

Finally, collaborative learning could be put into practice by
allowing users to reach each other to interact and share knowledge
through the system.
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