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ABSTRACT Online learning has been widely applied due to developments in information technology. How-
ever, there are fewer relevant evaluations and applications for primary school students. All innovation efforts
in learning are directed at improving the quality of education by creating an active learning atmosphere for
students. Students’ participation in the teaching-learning process can be improved by selecting appropriate
learning materials suitable to the student’s learning style. The research aims to develop and measure the
impact of an Artificial-Intelligence (Al)-based learning style prediction model in an online learning portal
for primary school students. The subjects were recruited from Indonesian primary school students in grades
4 to 6. To fulfill the principle of personalized learning, the Al model in the online learning portal was designed
to recommend learning materials that suit students’ learning styles. We formulated a new Al approach
that enables collaborative filtering-based Al models to be driven by learning style prediction. With this
Al algorithm, the online learning portal can provide material recommendations tailored specifically to the
learning style of each student. The AI model performance test achieved satisfactory results, with an average
RMSE (Root Mean Squared Error) of 0.9035 from a rating scale of 1 to 5. Moreover, students’ learning
performance was improved based on the results of t-test analysis on 269 subjects between the pre-test and
post-test scores.

INDEX TERMS Online learning, learning style prediction, artificial intelligence, personalized learning,

primary school.

I. INTRODUCTION

Effective learning in primary schools requires more effort to
improve the quality of education. Various research methods
are applied to increase motivation and independent learning
in primary schools through an interactive learning environ-
ment [1]. The results of previous research stated that effec-
tive learning would be achieved if students were active in
the learning process, such as the use of the Team-Based
Learning (TBL) method [2], [3], advances in information
technology [4]-[8], and online learning [9], [10]. The teacher
as a learning manager must be able to creatively choose the
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appropriate learning method so that students can be active
during the learning process. This can be achieved by tak-
ing the advantage of technological advances to improve the
outcomes of the learning process. Teachers can also build
and maintain student motivation and independent learning
through technology such as online learning, which encour-
ages an active learning environment [11].

Currently, online learning continues to be developed fol-
lowing advances in information technology. Through the
application of online learning, students can access var-
ious learning resources that have been prepared by the
teacher. The types of learning resources referred to include
learning through video lectures, animated videos, slides,
e-books, and Internet articles. These learning resources can
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be organized by teachers in the online Learning Management
System (LMS) portal to make them more accessible to stu-
dents, such as Moodle [12].

One of the advantages of implementing online learning is
the consideration of individual differences in students [13].
In the field of education, a learning model that is based on the
consideration of differences in students is often referred to as
personalized learning. Personalized learning can be viewed
as a comprehensive integration across schools and an inten-
sification of these ideas across all values and areas of study.
This system has become more feasible recently through the
availability of technology support [14]. Personalized learning
allows students to get instruction and direction when they
need it [15]. Personalized learning can also allow for a better
breakdown in topic coverage and a more flexible pathway
for student success. Therefore, a student would traditionally
take a course in calculus, statistics, or accounting, mastery-
based systems could allow students to study selected parts of
each subject, adapted to the student’s interests or to meet the
demands of the desired career path [14].

Personalized learning, especially digital personalized
learning with pre-packaged curricula, assessment, and con-
tinuous data collection, is now a clear area of student growth
in learning [16]. Personalized learning on a digital platform
can be realized using Atrtificial Intelligence (AI) [17]-[21].
One of them is used in determining the learning style of the
student concerned [22]. Learning styles can be defined as
the tendency or the way students absorb and communicate
information effectively which can be represented in speech
patterns, learning methods, how to do assignments, how to
respond to others, and other preferred activities [23].

From the review above, one way to improve the quality
of education is to create an active learning atmosphere for
students. The activeness of these students can be increased by
choosing appropriate learning materials by paying attention
to student learning styles. In an effort to increase student
activity and take advantage of developments in information
technology, this research aims to develop and measure the
impact of developing an Al-based online learning portal.
The AI model installed in the online learning portal was
designed to recommend suitable learning material based on
the student learning style. For this purpose, we formulated
a novel approach that enables a collaborative-filtering-based
Al model to be driven by learning style prediction. At the
same time, the approach also enables the AI model to be an
unsupervised classification model for learning style predic-
tion. Different from Al-based approaches in previous studies,
our proposed algorithm is not supervised on the learning
style that is determined by humans. The proposed algorithm
is modified to be unsupervised by attaching a softmax pre-
diction layer on top of the latent learning material vectors
in the collaborative filtering framework. With its unsuper-
vised nature, the proposed algorithm eliminates human bias
in recommending materials based on the student learning
style. With this AI algorithm, the online learning portal
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can give recommended materials tailored to each student’s
learning style, which serves the principles of personalized
learning.

Il. MATERIAL AND METHOD

A. ONLINE LEARNING

According to Khan [24], online learning is an online
instruction with an innovative approach that instructs
remote audiences via the Web medium (Internet). Currently,
the utilization of technology in electronic-based learning
(e-learning) is dominated by online learning. In e-learning,
information technology becomes a bridge of interaction
between teachers, students, and learning content (in Figure 1).
The Internet can be used as a communication medium to
connect teachers, students, and learning content to learning
activities. However, the implementation requires an appli-
cation with a Learning Management System (LMS) that
manages an online information system in the progress of
students who have been supervised and accompanied by
teachers.

Moodle is an LMS-based open-source course applica-
tion that effectively forms online learning communities [12].
Moodle has various module activities (forums, chat, etc.) and
types of course materials, both static (text pages, images,
web pages) and interactive (lessons, surveys, quizzes, assign-
ments, etc.). Logs storage from Moodle uses databases
(MySQL, PostgreSQL, Oracle, etc.) that are flexible and
more powerful than text log files. The utilization of databases
in Moodle can gather and access information from high-level
usage data collected in the LMS. The Moodle application can
show statistical information through an assessment scale in
grade or rate used by the teacher or instructor to evaluate
student learning performance [25]. From the online learning
evaluation, LMS can support personalized learning by finding
the fit learning style.

Several other systems and applications such as WELSA
(Web-based Educational system with Learning Style Adap-
tation) and TSAL (Two-Source Adaptive Learning sys-
tem) are used to observe students’ academic performance
through materials and assignments according to their learn-
ing styles [26]. Klasnja-Milicevi¢ et al. [27] also used
the online course on Protus (Programming Tutoring Sys-
tem) module to support student learning activities in online
learning. The Apriori algorithm was applied to the Protus
module for analyzing learning/cognitive personality styles
based on the Felder-Silverman Learning/Teaching Style
model.

The effectiveness of online learning approaches has been
reported by the Association of Higher Education (ASHE) to
be better compared to traditional learning (requiring face-
to-face and classrooms) [28]. In the ASHE report, it was men-
tioned that the K-12 education system in America shows an
increase in reflective learning, integrative thinking, and order
thinking skills in online learning compared to conventional
learning (classroom-based).
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FIGURE 1. Interaction of students, teachers, and learning content in
e-learning [29].

B. ONLINE LEARNING FOR PRIMARY EDUCATION
The application of online learning is currently an alterna-
tive learning activity for the increasing number of primary
schools. Various benefits can be obtained by implementing
online learning in primary schools. The benefits can improve
the ability of the students to communicate and collaborate
in a learning environment. However, to obtain the benefits,
the teachers have to support their students to maintain the
independence and motivation of the students in learning [11].
Application of online platforms such as SNSs (Social Net-
working Sites) platform and VLE or Moodle open-source
platform generally used online learning activities in primary
schools [12], [30], [31]. For instance, grade 1 primary school
students in Canada and Singapore use Twitter to solve math
problems together. Meanwhile, grade 2 students in the pri-
mary classroom use Twitter to review and evaluate their
learning outcomes [31], [32]. However, under the COPPA
(Children’s Online Privacy Protection Act) regulation, the use
of SNSs is restricted for children under 13 years. Therefore,
it is better to use other platforms that are devoted to online
learning instead. One of the platforms is Edmodo, which is a
safe and private educational SNSs platform for online learn-
ing activities in primary schools. Edmodo has several features
that make it easier for teachers to do online learning includ-
ing submitting homework, participating in discussions, and
sharing learning materials [33]. The application of platforms
generally used for online learning other than SNSs includes
Google Classroom and Moodle/VLE. Moodle/VLE on online
learning is widely applied for research to improve the quality
of student learning in an authentic environment [34]-[36].

C. PERSONALIZED LEARNING AND LEARNING STYLE

Personalized learning is a learning approach based on stu-
dents’ abilities and interests to support their mastery of the
material and their self-learning [37]. The learning system
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also provides instructions and directions to improve students’
abilities according to their needs and wants [15]. Personalized
learning, especially digital personalized learning with pre-
packaged curricula, assessment, and continuous data collec-
tion, is now a clear area of student growth in learning [16].
The digital platform currently makes personalized learning
convenient by using various types of media in the form of
illustrated images, videos, and audio that support the learning
styles of preschool and primary school students [38]. Fur-
thermore, personalized learning on a digital platform can be
realized using Al to support learners, such as determining
the learning style of the student concerned. The application
of Al in personalized learning allows teachers to design the
material and learning styles necessary and more efficiently.
The necessity for appropriate learning styles from Al analysis
can improve students’ performance [22].

Learning styles can be defined as the tendency or the
way students absorb and communicate information effec-
tively which can be represented in speech patterns, learn-
ing methods, how to do assignments, how to respond to
others, and other preferred activities [23]. Learning styles
based on personality are thought to help students with vary-
ing capabilities and habits in monitoring learning situations
improve their cognitive skills. In the study by Cassidy [39],
the application of modules and assessments that refer to the
learning/cognitive personality style performance to predict
learning styles correspond to the interests and habits of stu-
dents in primary schools. The LSI (Learning Styles Inven-
tory) learning style model is the most commonly applied to
primary and secondary schools using perceptual strengths
as one of the keys of assessment in determining learning
strategies [40]. The perceptual strengths of students were
assessed from the results of the three types of learning activi-
ties, namely kinesthetic, visual, and auditory [39]. Hawk and
Shah examined the five learning style instruments, which
are the Kolb Learning Style Indicator, the Gregorc Style
Delineator, the Felder-Silverman Index of Learning Styles,
the VARK Questionnaire, and the Dunn and Dunn Produc-
tivity Environmental Preference Survey. Those five learn-
ing styles can help students with different learning styles
improve their learning performance based on their classroom
activities [41]. A model instrument such as VARK (Visual,
Aural, Read/Write, and Kinesthetic) learning style [42] and
the Felder-Silverman learning/teaching style [43] defined
individual student characteristics based on their perceptual
power in capturing and processing information. Both instru-
ment models were assessed based on visual, auditory, and
kinesthetic perceptual modes to observe trends in the stu-
dent’s learning style.

D. ARTIFICIAL INTELLIGENCE MODEL FOR LEARNING
STYLE PREDICTION AND LEARNING MATERIAL
RECOMMENDATION

For the goal of giving learning material recommendations
based on learning style, we normally need two separate Al
models. The first model is used to predict the student learning
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FIGURE 2. An example of rating data for collaborative filtering for six
learning materials and n users. Each element is typically filled with a
value from 1 to 5, where 1 indicates a user did not like the learning
material and 5 indicates the user extremely like the learning material.

style. The second model gives learning material recommen-
dations based on the learning style prediction provided by the
first model. The first model is typically a supervised learning
model. Meanwhile, the second model is usually based on
collaborative filtering algorithms. Because each model has its
error, using two models for a single task can accumulate the
errors to the final output. Thus, we designed a single model
that performs both prediction and recommendation using
mutual latent information extracted from data. To achieve
this goal, we modified a collaborative filtering model, which
is originally used for recommendation tasks, to also predict
the student’s learning style.

In standard collaborative filtering, the users’ interest is
captured by letting them rate the learning material they have
accessed. Figure 2 illustrates the rating data that is captured
for collaborative filtering with six learning materials. Each
element is usually filled with a value within the range of
1 to 5, given by the users. To give a recommendation, an Al
model can be trained to predict the rating data. The recom-
mendation to a user is formulated as the predicted rating for
previously unrated learning material by the user.

The currently most common Al models to predict the rating
data are based on the Matrix Factorization (MF) technique
proposed by Koren et al. [44], which we refer to as the stan-
dard MF-based model for the rest of this paper. This model
is typically used as a model of our recommendation system.
That models the users’ rating by assigning a latent vector with
the same size to each user and learning material. The rating of
learning material from a user is predicted by multiplying the
corresponding learning material and user vector, as illustrated
in Figure 3. In inference mode, the input to this model is
the index of a user in the rating matrix that is illustrated in
Figure 3. The output is the rating in the corresponding row,
which can be interpreted as the prediction of the model to
the rating that most likely will be given by the user. To train
the model to generate an accurate prediction, the learning
material and user vectors are fitted to the known rating via
a gradient descent algorithm. This should be contrasted with
the other popular variant of the MF technique that used
Singular Value Decomposition (SVD) to analytically find the
material and user latent vectors, such as the model that was
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FIGURE 3. The illustration of matrix multiplication process for rating
prediction in MF-based collaborative filtering.

developed by Paterek [45], Ba et al. [46], and Vozalis and
Margaritis [47].

In Figure 4, we illustrate our modification to the standard
MEF-Based collaborative filtering model. To add learning style
prediction capability in our proposed model, we first define
each content to whether suitable for visual, auditory, and
kinesthetic learning styles. Afterward, we fix the latent vector
size of each learning material to three elements, which each
element separately represents visual, auditory, and kines-
thetic learning styles. During training with gradient descent,
we supervise the latent content vectors to their corresponding
learning style suitability by applying the softmax function to
the vectors and exposing them to categorical cross-entropy
loss. Additionally, we also regularize the model with L2 reg-
ularization. Thus, the loss function £ of the model is defined
as follows:

L=nY_ Y (A =&)Lyr (i g pu) + H(Gin g (1)
i

where r;, is the value of the ground truth ranking matrix for
the " item and ™ user, ¢; is the item vector of the i’ item,
Pu is the user vector of the u™ user, qg; is a one-hot vector with
the value equals 1 corresponds to the learning style suitability
of the learning material, and H is a cross-entropy loss. L,s
in Equation 1 is calculated as follows:

Lytr (ius 4i Pu) = (riu — qip)” + Mlgill2 + 1lpull2) ()

where ||gi||2 and [|pyl]2 are the L2 norm of ¢; and p,,
respectively. The objective of the model is to minimize the
loss value from Equation 1, which in effect minimizes £,
in Equation 2 and the cross-entropy loss H between the true
learning style representation of the learning materials g; and
the prediction of the model for the representation ¢;. The
Ly loss in Equation 2 has two separate terms. The first term
(riy — q,-pu)2 is the squared error between the corresponding
value of the ground truth ranking matrix and the dot product
of the item vector g; and the user vector p,. The second term
is an L2 regularization loss term that minimizes the L2 norm
of g; and py,.

Overall, the loss function £ has three hyperparameters:
n, A, and «. The hyperparameter n acts as the learning rate
of the model. Meanwhile, A controls the magnitude of the
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FIGURE 4. Our proposed modification to the standard MF-based
collaborative filtering model.

L2 regularization and « controls the balance between the
standard MF loss £y and the cross-entropy loss .

In effect, because of the vector multiplication for rating
prediction, this approach channels the learning style infor-
mation to the latent user vectors. It ultimately guides each
element in the latent user vectors to represent the learning
style of the student. By taking the argmax of the latent user
vector, the model can provide a classification of the user
learning style. In other words, our proposed method allows
the standard MF model to be an unsupervised learning style
classification model. In contrast to the typical learning style
prediction models that are based on supervised learning, our
proposed model does not require student learning style data
determined by a questionnaire. Assuming that the question-
naire may contain subjective bias, our proposed Al model can
be considered to be more objective than the other learning
style prediction models.

E. SUBJECT

Subjects were enrolled from eleven primary school classes
grade 4 to 6 in three provinces in Indonesia, specifically
Central Java, DI Yogyakarta, and DKI Jakarta. These three
provinces are located on the island of Java, which is the most
populous island in Indonesia. The age range of the subjects
was between 10-12 years old. The total number of subjects
was 322 with the distribution as shown in Figure 5. Among
the 322 subjects, only 269 students were able to successfully
access our online learning portal.

The subjects were the students of eleven teachers with the
profiles as presented in Table 1. The teachers had a mean age
of 30.46 years old with a standard deviation of 7.70. Most of
the teachers were specializing in primary education, with only
one teacher specializing in physics education. On the gender
profile, eight of the teachers were female and the other three
were male. The teachers were uniformly distributed in the
three areas in this study (three from Central Java, four from
DI Yogyakarta, and four from DKI Jakarta). The distribution
of the teachers based on their specialization, gender, and area
are graphically presented in Figure 6, Figure 7, and Figure 8§,
respectively.
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FIGURE 6. Distribution of the teachers based on their specialization.
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FIGURE 7. Distribution of the teachers based on their gender.
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FIGURE 8. Distribution of the teachers based on their area.

F. METHOD

The online learning portal used in this study was built using
the Moodle framework version 3.9.3. This portal was subse-
quently installed on a server with specifications using Intel
Xeon E5-2620 processor, NVIDIA Tesla K40 graphical pro-
cessing unit, 32 GB of RAM, and 4 TB of storage media
with RAID 5 configuration. Installation was performed using
a cloud computing-based system based on Docker virtualiza-
tion technology. The process began with the creation of a con-
tainer containing the latest version of the Moodle framework.
The additional software modules were then installed into the
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TABLE 1. The teachers’ profiles.

Students’ Learning Style
Teacher Prediction

( Learning Style

L

Comparison

Teacher ID | Area Specialization Gender | Age
TO1 Central Java Elementary Education | Female 27
TO02 Central Java Elementary Education | Female 24
TO3 Central Java Elementary Education | Female 24
TO04 DI Yogyakarta | Elementary Education | Female 38
TOS DI Yogyakarta | Elementary Education | Male 28
TO06 DI Yogyakarta | Elementary Education | Female 45
TO7 DI Yogyakarta | Physics Education Male 41
TOS DKI Jakarta Elementary Education | Female 23
TO09 DKI Jakarta Elementary Education | Female 23
T10 DKI Jakarta Elementary Education | Female 31
T11 DKI Jakarta Elementary Education | Male 31

Designed Based on Learning
Learning Style Material
Online Learning Session
| Students Interactio ‘J-] Lms | P::::::e
Al Modeling
Data
Cleaning
Five-Fold Cross-Validation
Record the
performance of the h Getthe Traini
current ‘,fplerpfaram:;er . ra;;'[?i} Test Set
value from the et o o
h\rper\;r]:luraemeter search space (20%)

Train the model
with the current 5x
train-validation split

Getthe train-
validation split from
the cross-validation

configuration

l_l

Performance

Train the Main
Model

1

Students’ Learning Style Al Prediction

FIGURE 9. Research model.

container to devise an online learning portal as proposed in

this study.
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Conclusion

The research process in this study shown in Figure 9

consisted of 2 major stages: (1) the online learning session
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and (2) the AI modeling. In the online learning session, the
students were given six learning materials to learn about the
concept of numbers. The learning materials were tailored and
validated by experts to be suitable for the visual, auditory,
and kinesthetic learning styles, based on the dePorter ef al.’s
variant of the VARK model [48]. After the learning session,
the students were asked to rate the six learning materials
from 1 to 5 according to their preference. These ratings were
compiled into a ranking matrix to train the AL

In the next stage, the process of Al modeling was
started by cleaning the data by removing incomplete records.
Afterward, the cleaned data were split into two sets:
training and test. The proportion was 80% and 20% of
the total data, respectively. To search for the most opti-
mal hyperparameters value, we conducted five-fold cross-
validation using the training set. The hyperparameters to
be searched were «, n, and A. The search space for «
was {0.1, 0.15, 0.2, 0.25, 0.3}. Meanwhile, both the 1 and A
search space was {0.01, 0.005, 0.001, 0.0005, 0.0001}. The
optimal configuration was afterward used to train the main
model with the whole training set. The training process in
the cross-validation step and the main training step used the
Adam optimizer [49]. Then, the final model was tested on
the test set to determine its generalization capability. The
metric of the test was Root Mean Squared Error (RMSE),
which is a common metric to evaluate regression models. It is
calculated by raising the difference between the prediction
and the ground truth to the power of two and taking the root
of the result. RMSE is calculated as follows:

3)

where N is the total number of students in the test set, y is
the predicted student’s rating, and y is the true student’s
rating. Finally, the prediction from the optimal Al model was
compared to the teachers’ prediction of the student’s learning
style to understand the behavior of the Al model.

Furthermore, to measure the effect of using the online
learning portal, we conducted a test for all students before
and after using the online learning platform (pre-test and post-
test). The test consisted of 10 multiple-choice questions. The
pre-test and post-test results were analyzed using paired t-test
to see if the online learning portal can improve the students’
performance.

Ill. RESULT
In Table 2, the result of the t-test from the pre-test and
post-test is presented. The average score of the students was
improved by 0.49 points with a scale of O to 10. The improve-
ment was statistically significant with the p-value below 0.05.
Meanwhile, the performance of the proposed model is
given in Table 3. In general, the test performance was satisfac-
tory, with an average RMSE of 0.9035 based on a 1 to 5 rating
scale. Compared to the standard MF-based model, the pro-
posed model delivered better performance with 0.0313 lower

VOLUME 10, 2022

TABLE 2. Results of paired T-test on learning outcomes. N is the number
of samples, SD is the standard deviation of the data, and DF is the degree
of freedom of the test.

Mean (SD)
N Pre-Test Post-Test t (DF) p-value
269 | 7.32(2.35) | 7.81(2.10) | 4.03 (268) | 0.00007892*
*Significant at p-value < 0.05

TABLE 3. Comparison of the standard MF model and the proposed
model.

Model Name RMSE
Standard MF-Based Model | 0.9348
Proposed Model 0.9035

TABLE 4. Comparison of predicted learning style results from teachers
and Al

Teacher Prediction
Visual | Auditory | Kinesthetic
Visual 22.97% 5.41% 8.11%
Al Prediction Auditory 21.62% 8.11% 9.46%
Kinesthetic | 17.57% 2.70% 4.05%

in the RMSE value. Hence, the proposed model has not only
an extended capability to predict the learning style of the
students but also resulted in better performance as a recom-
mendation system.

After the performance evaluation of the proposed model,
we presented the comparison of the learning style prediction
from the teachers and Al in Table 4. The mutual prediction
between the teacher and Al was only 35.13%. In particular,
we highlighted that a large portion of the students that were
predicted to have a visual learning style by the teachers was
predicted by Al as having auditory (21.62%) and kinesthetic
(17.57%).

IV. DISCUSSION

Figure 5 indicates the number of involved subjects was
322 students. However, only 269 students can access the
LMS that was created for this study. The common problems
that caused this issue were the limited time and tools that
students can use. From the teachers’ reports, some students
still depended on the mobile devices owned by their parents,
which were not always available to the students. Only 172 out
of 269 students can log in to the LMS system according to
the instructions given by the teacher. Based on the discus-
sions with teachers, not all students were able to follow the
instructions conveyed via video instruction or written guid-
ance. These results are in line with the result from a previous
study, which highlights that the teachers have to support their
students to maintain the independence and motivation of the
students in learning [11]. Based on Table 2, there has been
a significant test performance improvement (p-value < 0.05)
between the pre-test and post-test results. It can be concluded
that structured LMS can improve student learning outcomes
for students in primary school. This finding is aligned with the
result of the study by Hubalovsky et al. [50] which confirms
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the fact that educational objectives can be achieved more
effectively only by several pupils. The average improvement
was slight due to the limited time given to students to study
the teaching materials that have been prepared on the LMS
portal.

In assessing the result of this study, it is worthwhile to
notice that the characteristics of our proposed algorithm
are substantially different from the algorithms in the pre-
vious study. Most of the previous algorithms rely on the
use of supervised learning models [22], [51]-[62] to pre-
dict students learning styles before generating a material
recommendation. The employed models were mostly neu-
ral network [22], [52], [55]-[61] or any machine learn-
ing models available in WEKA [22], [51], [54], [62], [63].
The supervised learning models were mostly trained with
learning style ground truths that were manually collected
by questionnaires, which required laborious work. In other
studies, the ground truths were generated by using clus-
tering methods [64]-[68] instead of a manual collection.
Although viable, the validity of ground truths generated
by the clustering algorithm is questionable. Based on the
learning style prediction from the supervised model, in most
previous studies, the material recommendation was gener-
ated by handcrafted rules. This approach is prone to inherit
the subjectivity of the rule designer. A better approach for
recommendation using collaborative filtering was adopted
by Klasnja-Milicevi¢ et al. [27]. However, in the study, the
students learning style was identified manually via ques-
tionnaire instead of algorithmically. In contrast to the pre-
vious approaches, our proposed algorithm directly injected
the learning style information into a collaborative filtering
algorithm. This approach eliminated the need for students
learning style ground truths, which were expensive to be col-
lected. The recommendation of our algorithm is also expected
to be more objective towards students’ preference because
it prevents biases from humans for the learning style of the
students that can be injected from the manually-collected
learning style ground truths.

Table 4 shows the results of the evaluation of the predic-
tion of teacher learning styles compared to the predictions
of Al. The mutual prediction between the teacher and Al
was only 35.13%. Based on Table 3, the performance of
predicting learning styles with Al was satisfactory, thus it
can be assumed that the Al model is objective because it
is driven by data. Therefore, we can conclude that there is
a shift in learning styles between face-to-face learning and
online learning. This learning style shift is also stated in the
research by Clariana and Smith [69]. According to Zapalska
and Brozik [70], the shift is caused by the flexible learning
experience provided by online learning. The shift can also
be caused by the changes in students’ learning environment
and individual maturity levels. The subjects selected were
in the age range of 11 to 14 years who were mostly at
the adolescence stage which was the stage of change from
childhood to adulthood. Therefore, it can be concluded that a
shiftin learning styles in online learning can occur in subjects.
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FIGURE 10. Teachers prediction on students’ learning style.

24.32%
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= Visual = Auditory

FIGURE 11. Al prediction on students’ learning style.

Presented with the astonishingly low mutual prediction
percentage (35.13%), we inspected the distribution of teach-
ers’ and Al predictions. From Figure 10, teachers predicted
that 55.77% of the students have a visual learning style,
followed by 16.02% and 28.21% respectively for auditory and
kinesthetic learning styles. On the other hand in Figure 11,
Al predicted that 24.32%, 39.19%, and 36.49% of the stu-
dents have visual, auditory, and kinesthetic, respectively. The
large percentage of visual learning style prediction from
teachers may stem from the largely accepted fact that 65% of
the human population has a visual learning style. This fact is
widespread in popular media, although the original academic
paper that scientifically to prove it cannot be found. However,
the teachers can capture that the percentage of kinesthetic stu-
dents was larger than the auditory students. This fact agrees
with the distribution of prediction from Al, while differs from
the widespread fact that 30% and 5% of the human population
have an auditory and kinesthetic learning style, respectively.
Because it is not hazed by the unproven widespread fact, the
teachers’ prediction that tends to favor kinesthetic learning
style might be true based on their observation. Interestingly,
the AI also put a large percentage of students as kinesthetic.
This could be a hint that the Al prediction is a better estimate
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of the true distribution of the learning style from the primary
school students population. However, we should notice that
this comparison result was not derived from a typical analysis
in psychological studies. Thus, we should not interpret the
result as a proven fact from a psychological perspective.

V. CONCLUSION

The new approach that we used in this study enables
collaborative-filtering-based Al models to be driven by pre-
dictive learning styles. The testing performance of this
Al model was satisfactory, with an average RMSE of
0.9035 based on a rating scale of 1 to 5. It was better than the
standard MF-based model with 0.0313 lower in the RMSE
value. Not only does it has a better performance, but the
proposed method also eliminates the need for learning style
ground truth from human because it does not employ any
supervised learning.

From the result of this study, we observed a shift in learn-
ing styles on application online learning that could occur
in primary school students. This shift should be of concern
to teachers because of changes in student learning environ-
ments. Thus, teachers must be more active to explore learning
materials adapted to students’ learning styles, which can be
helped by having the teachers use the online learning platform
that we developed in this study. Not only for the teachers, but
the online learning platform in this study is also beneficial to
be used by students, which is proved by the improvement of
the student’s performance in this study.

APPENDIX

The study protocol was approved by the Ethics Committee of
Bina Nusantara University (approval number LSET062021-
04). Concern participants were elementary school students
who have been permitted by teachers and students’ guardians.
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