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Abstract. In the digital era, adaptive e-learning has become essential in addressing students’ diverse learning preferences. This
study aims to develop an adaptive e-learning system that integrates the Felder-Silverman Learning Style model (FSLSM) into
Moodle using fuzzy logic and case-based reasoning. The system extracts behavioral attributes from student activity logs and
classifies learning styles into four dimensions: processing, perception, input, and understanding. The experimental evaluation,
conducted with and without substitution of the (ILS) questionnaire values, demonstrated varying levels of accuracy. Accuracy
improved with ILS substitution as follows: processing (82.86%), perception (80.00%), input (80.00%), and understanding
(74.29%). Without ILS substitution, the accuracies were as follows: processing (80.00%), perception (80.00%), input (74.29%),
and understanding (62.86%). These findings confirm the system’s potential to support personalized learning by accurately
identifying learning styles.
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1. Introduction

In the current digital learning environment, e-learning systems have become essential components of education
[1]. However, these systems often lack personalization features that can accommodate the individual differences
in learning preferences. Adaptive e-learning, which tailors learning experiences according to student
characteristics, is a promising solution to this challenge [2]-[7]. One model used to analyze individual learning
styles is the Felder-Silverman model [8]-[10]. This model classifies learners into four dimensions of learning style:
visual-verbal, active-reflective, sensory-intuitive, and sequential-global. However, in the context of e-learning, the
implementation of the Felder-Silverman model has still not been widely explored.

The term learning style refers to the concept that each individual has differences in determining the most
effective learning method [2]. Research related to the learning process focuses on accommodating the various
learning styles of students [11]. One way to determine students' learning styles is to use questionnaires based on
learning style model theory [12]. Although this instrument is reliable and supported by good validity, it has some
shortcomings that can hinder the identification process. These shortcomings include the lack of student motivation
when filling out questionnaires, and the inability of instruments to provide valid information as a basis for
determining learning styles.

Along with the development of learning technology, the field of Automatic Detection of Learning Style
(ADLS) has emerged, triggered by advances in the development of intelligent tutoring and adaptive e-learning.
However, this system still has a drawback, namely, the difference in activity log data in the learning management
system (LMS), which is the basis of the system, making it difficult to compare the performance of different
approaches [13]. In the ADLS, the learning style model is used as a basis to group students according to their
learning style and preferences in receiving and processing information [5]. Learning style models that are widely
known among researchers include the Honey and Mumford learning style model [14], Kolb model [15]-[17], and
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Felder-Silverman learning style model [10], [18], [19]. Theories related to learning style models can help develop
learning materials tailored to students' preferences, experiences, and learning styles [20].

Moodle [21] is one of the most popular and flexible e-learning platforms that offers the potential to integrate
the Felder-Silverman model in the design of adaptive e-learning systems. By utilizing the Moodle feature, which
can track participants' learning behavior, adaptive adjustments based on the Felder-Silverman model can be applied
to present learning content that suits the preferences and needs of each individual.

This study aims to develop and evaluate an adaptive e-learning system that classifies students' learning styles based
on the Felder-Silverman Learning Style Model (FSLSM) using fuzzy logic and case-based reasoning. The specific
objectives are:

1. To identify students’ learning styles from the Moodle activity log data across four FSLSM dimensions:

processing, perception, input, and understanding.

2. To measure and compare the classification accuracy of learning styles with and without the substitution

of Learning Style (ILS) questionnaire values.

3. To evaluate the effectiveness of fuzzy similarity and nearest-neighbor methods in determining learning

style similarity

The proposed system analyzes students' interactions with Moodle to infer their learning style preferences
across FSLSM dimensions. This data-driven approach aims to provide a more accurate and dynamic assessment
of learning styles than static questionnaires. By implementing fuzzy logic and case-based reasoning, the system
can handle the inherent uncertainty in learning style classification and provide personalized recommendations for
content presentation.

2. Methods

The proposed system aims to revolutionize the assessment of students' learning style preferences by leveraging
their interactions with Moodle’s learning management system. This innovative approach analyzes various aspects
of student behavior within the platform, including resource access patterns, engagement with different types of
content, and participation in online activities. By examining these interactions across the dimensions outlined in
the Felder-Silverman Learning Style Model (FSLSM), the system can infer individual learning-style preferences
with greater accuracy and granularity.

Unlike traditional static questionnaires, which provide a snapshot of learning styles at a single point in time,
this data-driven method offers a dynamic and evolving assessment. It continuously updates its understanding of
each student's preferences, based on their ongoing interactions with the learning environment. This adaptability
ensures that the system remains responsive to changes in learning styles that may occur as students progress
through their educational journeys. The implementation of fuzzy logic in the proposed system addresses the
inherent complexity and uncertainty involved in categorizing the learning styles. Fuzzy logic allows for a more
nuanced classification that acknowledges the spectrum of preferences, rather than forcing students into rigid
categories. This approach recognizes that learners may exhibit varying degrees of alignment with different style
dimensions, thereby providing a more realistic representation of individual learning tendencies.

Furthermore, the integration of case-based reasoning enhances a system's ability to make personalized
recommendations for content presentation. By drawing upon a repository of past cases and successful learning
experiences, the system can suggest tailored learning materials and instructional strategies that align with each
student's inferred learning-style preferences. This personalization aims to optimize the learning experience by
presenting information in formats and sequences that resonate with the cognitive processes of individual students.
The combination of these advanced techniques, data-driven analysis, fuzzy logic, and case-based reasoning
promises to create a robust and adaptive system for learning style assessments and personalized education. Moving
beyond the limitations of traditional methods, this approach has the potential to significantly enhance the
effectiveness of online learning environments and support improved learning outcomes for diverse student
populations.

3. Results and Discussion

In this study, we developed a system that can provide learning style recommendations as part of the automatic
detection of learning style (ADLS), which uses inputs in the form of student behavior patterns obtained from the
results of extracting data from the activity log data of the learning management system (LMS). The output
produced by the system was classified into four dimensions according to the Felder-Silverman learning style model
(FSLSM). The details of the FSLSM learning-style model are shown in Table 1.

Table 1. Dimension Felder Silverman Learning Style Model (FSLM)
Dimension Learning Style
Dimension 1 (processing) Active/Reflective
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Dimension 2 (Perception) Sensing/Intuitive
Dimension 3 (Input) Verbal/Visual
Dimension 4 (Understanding)  Sequential/Global

Broadly speaking, the learning style recommendation process consists of several stages: collecting learning
management system (LMS) activity logs, extracting student behavior patterns, examining the contents of the case
content/case library, fuzzy logic (fuzzification, inference, defuzzification), similarity function, testing,
confirmation, and evaluation using the confusion matrix equation. Extraction of student behavior patterns using

Table 2.
Table 2. Data Learning Management System (LMS)

Date Time User Full Nama  Event Context  Compose Even Nama
03/09/24 10.00 Student 1 Page: A* Page Course Modul Viewed
03/09/24 12.16 Student 2 Page: A* Page Course Modul Viewed

Eleven attributes were used as the learning style recommendation instruments. Activity logs obtained from
learning management systems (LMS) are shown in Table 3.

Table 3. Data Attributes

Input Behavior Pattern Names

Al Number of visit material (content object)

A2 Time taken to read material (content object)

A3 Number of visits to discussion forum

A4 Number of self-assessment-test

A5 Time taken to self-assessment-test

A6 Number of visit result pages of self-assessment-test

A7 Number of visit material (example)

A8 Time taken to read material (example)

A9 Number of revisions performed before handing in a test
A10  Time spentin a discussion forum

All Number of skipped learning objects

Table 4. The Influence of 11 Behavioral Pattern Attributes on the Learning Style Dimension
Dimension Learning Style Behavior Patterns
Dimension 1 Active Number of self-assessment-test
(processing)

Reflective Number of visit material (content object), number of visits on a
discussion forum, time taken to self-assessment test, number of visit
result pages of the assessment test

Dimension 2 Sensing Number of visit material (example), time taken to read material
(Perception) (example), number of revisions performed before handling in a test,
number of visit result pages of self-assessment test
Intuitive Number of visits to material (content object), time taken to read
material (content object)
Dimension 3 Visual -
(Input)
Verbal Number of visits to a discussion forum, time spent in a discussion
forum, number of visits to material (content object)
Dimension 4 Sequential -

(Understanding)
Global Number of skipped learning objects

Table 4 Influence of 10 attributes of students' behavior patterns on learning style preferences in each
dimension. Meanwhile, five attributes that are not used in the process of extracting student behavior patterns have
a dominant influence if the value of these attributes is at a high frequency, as shown in Table 5.

Table 5. The Influence of 5 Behavioral Pattern Attributes on the Learning Style Dimension
Dimension Learning Style Behavior Patterns

Dimension 1 Active Number of posts on the discussion forum

(processing)

Reflective -
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Dimension 2 Sensing -

(Perception)

Intuitive -
Dimension 3 Visual -
(Input)

Verbal Performance on the question about graphic
Dimension 4 Sequential Performance on the question about text
(Understanding)

Global -

Table 5. It is the influence of five attributes of student behavior patterns that cannot be used in the extraction
process because it has a value of 0 for each attribute on learning style preferences in each dimension. In the second
stage, student behavior patterns are extracted. The activity logs obtained from the learning management system
(LMS) were then extracted according to the attributes in Table 3. The extraction process aims to obtain values as

characteristics of an object that can describe the characteristics of students' behavioral patterns.

Table 6. Stages of Extraction of Student Behavior Patterns
Input Behavior Patterns Extraction stage
Al  Number of visit material (content object) Calculating the amount of student data that has
components in the form of pages and events in the
form of course modules viewed
A2  Time taken to read material (content object)  Calculate the average time difference on each page of
material (content object) visited
A3 Number of visit on discussion forum Counting the amount of student data that has
components in the form of forums and event names in
the form of discussions viewed
A4 Number of self assessment-test Counting the amount of student data that has a
component in the form of a quiz and an event name in
the form of a quiz attempt started
A5  Time taken to self-assessment-test Calculate the average time difference from the quiz
with the event quiz attempt started and quiz attempt
submitted on the quiz component
A6  Number of visit result pages of self- Counting the number of students who have

assessment-test components in the form of troublesome users and
event names new grade user reports viewed
A7  Number of visit material (example) Counting the number of students who have

components in the form of page and event names and
new course module views and events that have
example information

A8  Time taken to read material (example) Calculate the average time difference on each visited
example page

A9  Number of revisions performed before Calculate the average number of revisions made in the

handing in a test event name in the form of quiz attempt started and
quiz attempt submitted in the quiz component
A10  Time spent in a discussion forum Calculate the time difference between the event name

in the form of discussion viewed and the next
accessed event name

A1l  Number of skipped learning objects Counting the number of different event contexts at the
same time

Table 6. It is an extraction stage for each student behavior pattern obtained from the activity log of the learning
management system. If the extraction stage of student behavior patterns was completed based on the rules in Table

6, the results obtained were mapped into 11 attributes, as shown in Table 7.

Table 7. Results of Behavior Pattern Extraction
Student Al A2 A3 Ad A5 A6 A7 A8 A9 A10 All
Student 1 21 5.90 0 21 8.05 5 0 0 0.17 0 6

Table 7 shows an example of data from the results of behavioral pattern extraction based on the 11 attributes
used as system inputs or inputs. An unbalanced range of values for each attribute can affect the quality of data
processing results. An imbalance in the value range of the attribute causes the results to be skewed upward or
downwards. Therefore, normalization and transformation using min-max normalization are required to obtain
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better results. The following is the equation used in the normalization process of extracting student behavior
patterns

v — minA

MinMax = ( > (newMaz — newMin) + newMin (1)

mazrA — minA

In Equation 1, v is the value of the attribute, minA is the smallest value of an attribute, maxA is the largest
value of an attribute, newMax = the new largest value to replace the old largest value, and newMin is the new
smallest value to replace the old smallest value. The value range for attributes 1 through 11 is normalized to O for
the lower bound and 1 for the upper bound, where 1 represents a strong positive preference, and O represents a
strong negative preference. The normalization results obtained from the MinMax calculation are listed in Table 8.

Table 8. Normalization Results
Student Al A2 A3 Ad A5 A6 A7 A8 A9 Al10 All
Studentl 049 054 000 071 009 042 000 000 029 000 049

Table 8. This is an example of data resulting from normalization using the MinMax method, which converts
the value of an attribute into a value range of 0 to 1. The third stage is to check the contents of the content case
library, where there is a case in the form of input values from 11 attributes, along with solutions in the form of
learning styles divided into four dimensions. The case content can contain data that have been processed at least 1
time. If there are no case data or a solution in the case content, then the input value in the form of the result of the
extraction of behavior patterns will be processed using the fuzzy logical method first. The fourth stage is
classification using the fuzzy logic method with input in the form of values from student behavior patterns that
have been divided into 11 attributes. Table 9. This is the threshold for student behavior patterns in e-learning used
in the fuzzification process.

Table 9. Behavioral Pattern Thresholds

Input Behavior Pattern Names Threshold

Al Number of visit material (content object) 10% (0.01) and 20% (0.20)
A2 Time taken to read material (content object) 50% (0.05) and 75% (0.75)
A3 Number of visits to discussion forum 7 and 14 visits per week
Ad Number of self-assessment-test 25% (0.25) and 75% (0.75)
A5 Time taken to self-assessment-test 50% (0.05) and 75% (0.75)
Ab Number of visit result pages of self-assessment-test 10% (0.01) and 20% (0.20)
A7 Number of visit material (example) 25% (0.25) and 75% (0.75)
A8 Time taken to read material (example) 50% (0.05) and 75% (0.75)
A9 Number of revisions performed before handing in a test 10% (0.01) and 20% (0.20)
Al10  Time spent in the discussion forum 5 and 10 minutes per week
All  Number of skipped learning objects 25% (0.25) and 75% (0.75)

The results of the fuzzification stage are in the form of membership values and degrees. After the fuzzification
process is completed, the results are passed to the fuzzy rule stage (IF... THEN). The output of the fuzzy rule stage
is in the form of a level or level of fuzzy results along with a minimum feasibility value. Then, in the last stage of
the fuzzy logic, namely defuzzification, a feasibility score calculation is carried out to determine the solution of
student behavior patterns in the form of student learning styles for each dimension. This solution is then stored in
a case library in the form of a case consisting of 11 attributes and a solution in the form of a student learning style.

The fifth stage is the similarity function, where the system calculates the similarity value using two scenarios
in the form of fuzzy similarity and nearest-neighbor, if the case content has been filled with cases and solutions.
In the first scenario, the fuzzy similarity method was used to determine the level of similarity of the data. Fuzzy
similarity is performed after the system completes the fuzzification stage using the membership function and
membership value. Fuzzy similarity is used to find similarities between the new and completed cases using the

following equations:

zfi| = T

Sim(v, zli]) = 1 — |v — ]| (2)
In Equation 2, x[i] is the i value of a set, H is the fuzzy set, F is the fuzzified value of set H, and v is the
input/input value.
In the second scenario, the nearest-neighbor method is used to determine the level of similarity of the data.
The nearest neighbor is operated before the system performs the fuzzification stage using the value of the data
extraction results. The nearest neighbor is used to look for similarities between new cases and cases that have
been processed using the following equation [9]:
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In Equation 3, x[i] is the i value of a set, v is the input/input value, and N is the highest value of a set. The
results of the similarity calculations are listed in Table 10.

Sim(v,zi]) =1

Table 10. Similarity Calculation Results
Student Al A2 A3 A4 A5 A6 A7 A8 A9 A10 A1l
Studentl 10 094 10 10 10 10 10 10 08 10 10

If new data are considered similar to previous cases, this process is called retrieval or the stage of retrieving
data with the highest level of similarity or similarity. If the results of the similarity calculation show the highest
level of similarity, then the solution in the form of learning styles from old cases that have been previously
processed will be reused to fill in the solutions in the form of learning styles from new cases. This process is
called reusing.

The sixth stage is submission, where if there are data with a higher similarity value, the solution in the form
of a learning style from a new case that already has a solution from the reuse process will be revised and replaced
until the case in the case content shows the last index; the process is called revised. The seventh stage is the
confirmation stage, when the revision process reaches the final index of the case content. At this stage, the
solution in the form of student learning styles is included in the case library, along with input values that have
been categorized into 11 learning style attributes. Cases containing the input value of this solution can be reused
in the similarity function calculation if there are data with the highest level of similarity. The processes of
retrieving, reusing, revising, and retaining are stages. When the data processing process reaches the last iteration,
the results from the case library are issued in the form of learning styles classified by four dimensions, as shown
in Table 11.

Table 11. Hasil Fuzzy Case-Based Reasoning

Student Dimension 1 Dimensions 2 Dimension 3 Dimension 4
Active) (Intuitive) (Visual) (Sequential)
Student 1 Active Intuitive Visual Sequential

Table 11 is an example of a system output in the form of a learning style that is divided into four dimensions
of learning styles. The final stage is an evaluation carried out to determine the accuracy of student behavior patterns
in e-learning as material for learning style recommendations by comparing the output results with and without the
substitution condition of the index of learning style (ILS) questionnaire value because the input attributes used
could not meet the input recommended by previous research [22].

The evaluation stage was also carried out to determine the accuracy of the similarity function of case-based
reasoning by comparing the accuracy level of the results of fuzzy similarity and nearest-neighbor. The nearest-
neighbor similarity function is used to obtain case similarity through numerical/symbolic values, whereas fuzzy
similarity linguistically obtains case similarity. The calculation of the accuracy level was carried out to determine
the accuracy of the learning style using the confusion matrix based on the index of learning style (ILS)
questionnaire data as the data that was considered correct.

Table 12. Confusion Matrix

Data classes Mold Classes Mold class
Positive Negative
Classification Classes ~ True Positive (TP) False Positive (FP)
Positive
False Negative (FN) True Negative (TN)
Positive (P) Negative (N)

Table 12 is a confusion matrix with TP, FP, FN, and TN, which is used to measure the accuracy of the data
classification results using fuzzy logic and case-based reasoning methods. Here, is the equation used to calculate
the accuracy [23].

. TP + TN
Akurasi = TP+ FP+TN + EN * 100 (4)

In Eq. (4),
= TP is the number of positive outputs that are classified as positive (correctly classified data),
= TN is the number of positive outputs that are classified negatively (incorrectly classified data),
= FPis the number of negative outputs that are classified as positive (data classified incorrectly), and
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= FNis the number of negative outputs classified as negative (incorrectly classified data).

In this study, the researcher conducted a test twice by calculating the accuracy level of each learning style
from the four dimensions. This test uses a system that has been substituted with the results of the index of learning
style (ILS) questionnaire to determine the accuracy of student behavior patterns in the learning style
recommendation process. The results of the system test built using the fuzzy-logic classification method and case-
based reasoning were evaluated using a confusion matrix.
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Figure 1. Results of Fuzzy Case-Based Reasoning Classification (non-ILS substitutions) and Results of Fuzzy Case-Based
Reasoning (with-ILS substitutions) Classification in the Processing Dimension

Figure 1 shows that the number of data points from fuzzy case-based reasoning classification in the processing
dimension with no substitution of values from the index of learning style (ILS) is as follows: true active 23, false
active 6, true reflective 5, and false reflective 1. Meanwhile, the results of fuzzy case-based reasoning classification
in the processing dimension with value substitution conditions from the ILS showed true active 30, false active 1,

false reflective 0, and true reflective 4.
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Figure 2. Results of Fuzzy Case-Based Reasoning Classification (non-ILS substitution) and Fuzzy Case-Based Reasoning
Classification Results (with-1LS substitutions) in the Perception Dimension

Figure 2 shows that the amount of data resulting from the classification of fuzzy case-based reasoning in the
perception dimension with the condition without substitution of values from the index of learning style (ILS) is as
follows: true sensing 17, false sensing 5, true intuitive 11, and true intuitive, 2. Meanwhile, the results of fuzzy
case-based reasoning classification in the perception dimension with value substitution conditions from ILS
indicated true sensing in 17, false sensing in 5, true intuitive in 11, and false intuitive in 2.
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Figure 3. Results of Fuzzy Case-Based Reasoning Classification (non-1LS substitution) and Fuzzy Case-Based Reasoning
Classification (with-ILS substitutions) in the Input Dimension

Figure 3 shows that the amount of data resulting from fuzzy case-based reasoning classification in the input
dimension without substitution of the value of the index of learning style (ILS) is as follows: true verbal 2, false
verbal 0, true visual 24, and false visual 9. Meanwhile, the results of fuzzy case-based reasoning classification in
the input dimension with value substitution conditions from ILS show true verbal 7, false verbal 3, true visual 21,

and true visual 4.
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Figure 4. Results of Fuzzy Case-Based Reasoning Classification (non-ILS substitutions) and Fuzzy Case-Based Reasoning
(with-ILS substitutions) Classification Results in the Understanding Dimension

Figure 4 shows that the amount of data from fuzzy case-based reasoning classification in the understanding
dimension with no substitution of values from the index of learning style (ILS) is as follows: true sequential 19,
false sequential 13, true global 3, and false global, 0. Meanwhile, the results of fuzzy case-based reasoning
classification in the understanding dimension with the value substitution condition of ILS showed true sequential
17, false sequential 7, true global 9, and false global 2.

Understanding (seq/clo) N 2,56
input (veervi) Y 7:,25%
Perception (Ser/in) [N 50.00%

Processing (Acrrer) N 50.00%

0,00% 10,00% 20,00% 30,00% 40,00% 50,00% 60,00% 70,00% 80,00% 90,00%

Processing (Act/Ref) Perception (Sen/int) Input (Ver/Vis) Understanding (Seq/Glo)
- Akurasi 80,00% 80,00% 74,29% 6286%

Figure 5 Results of accuracy calculation using confusion matrix for four dimensions of the Felder—Silverman learning style
model without substitution of ILS values.

Figure 5 shows that the results of the calculation of the accuracy of the classification results with the condition
without substitution of the Index of Learning Style (ILS) value are as follows: for dimension 1 (processing) of
80.00%, dimension 2 (perception) of 80.00%, dimension 3 (input) of 74.29%, and dimension 4 (understanding) of
62.86%
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Figure 6. Results of Accuracy Calculation Using the Confusion Matrix for the Four Dimensions of FSLSM
Learning Style (Index of Learning Style Substitution)

Figure 6 shows that the results of the calculation of the accuracy of the classification results with the
substitution conditions of the Index of Learning Style (ILS) values are as follows: for dimension 1 (processing) of
82.86%, dimension 2 (perception) of 80.00%, dimension 3 (input) of 80.00%, and dimension 4 (understanding) of
74.29%.
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80,00% ,88%%
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= 60,00%
s 50,00%
2 40,00%
< 30,00%
20,00%
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—— Fuzzy Similarity 80,00% 80,00% 74,29% 62.86%
= Nearest-Neighbour 80,00% 80,00% 74,25% 65,71%
= Fuzzy Similarity ~ == Nearest-Neighbour

Figure 7. Comparison Results of Similarity Function Accuracy Comparison

Figure 7 shows that the results of the accuracy calculation in Scenario 1 with the condition of using the fuzzy
similarity function are as follows: for dimension 1 (processing), 80.00%; dimension 2 (perception), 80.00%;
dimension 3 (input), 74.29%; and dimension 4 (understanding), 62.86%. Meanwhile, the calculation of accuracy
in Scenario 2 with the condition of using the nearest-neighbor similarity function is as follows: for dimension 1
(processing), 80.00%; dimension 2 (perception), 80.00%; dimension 3 (input), 74.29%; and dimension 4
(understanding), 65.71%.

The results obtained in figure 6 show that the recommendation of an active learning style in the condition of
no substitution of ILS scores recorded the highest number. This is due to input data or input with a low membership
level that tends to be more, as well as solutions that are in accordance with the results of the index of learning style
(ILS) with a conformity level of 79.31% However, reflective learning style recommendations tend to be few, but
do not affect the level of reflective conformity which reaches 83.33%. In Figure 6, the recommendation of active
learning styles in the condition of ILS substitution still shows the highest number and has increased by two points
compared to the condition without ILS substitution.

This increase was triggered by a decrease in false reflective learning styles by 1 and a decrease in true
reflective learning style recommendations by 1; thus, the level of active learning style suitability increased to
80.64% or increased by 1.33%, while reflective learning style suitability increased to 100%. The accuracy level
obtained from dimension 1 (processing) in the condition without ILS value substitution was 80.00%, which tended
to be lower compared to the condition where dimension 1 used ILS value substitution, which showed an accuracy
level of 82.86%. The decrease in conformity and accuracy values in dimension 1 in the condition of no substitution
of ILS values was influenced by inputs or inputs in the form of six attributes out of the seven recommended
attributes. By authorizing 1 ILS attribute in the system, the accuracy level can be increased by 2.86% by increasing
the acquisition of active learning style recommendation numbers from reflective learning style recommendation
errors

The results obtained in Figure 2 show that the sensing-learning style recommendation recorded the highest
number of recommendations. This is due to more input data or input with a low membership level, and is formed
from solutions that are in accordance with the results of the Index of Learning Style (ILS), which reaches a
conformity level of 77.27%. However, this only slightly affected the acquisition rate of reflective learning styles
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but did not have an impact on the level of conformity of reflective learning styles to ILS, which reached 84.61%.
The magnitude of the difference is influenced by the number of false senses, which is superior by three points
compared with false intuition. The accuracy level obtained from dimension 2 (perception) was 80.00%. There was
no change in the level of conformity and accuracy in dimension 2, which was reflected in the input in this
dimension in the form of the seven recommended attributes.

The results shown in Figure 3 regarding the recommendation of visual learning styles in conditions without
substitution of the Index of Learning Style (ILS) value show the highest number. This is because the input has a
high membership rate, which corresponds to an ILS result of 72.77% in terms of suitability. Meanwhile, the results
of the verbal learning style recommendation in conditions without substitution of ILS scores only decreased by
two, with the level of conformity reaching 100%. This decline occurred because of the large amount of input,
which reflected the high membership level. In Figure 8, the results of the recommendation of the true verbal
learning style in the condition of ILS value substitution show an increase of five digits, while false verbal learning
increases by three digits when compared to the condition without ILS value substitution. This increase was
triggered by a decrease in false visuals by five and true visuals by 3, so that the level of verbal learning style
suitability decreased to 70%, whereas the visual learning style suitability rate increased to 84%.

The accuracy level obtained from dimension 3 (input) in the condition of no substitution of the ILS value was
74.29%. This figure tends to be lower than that of dimension 3, which uses ILS value substitution and achieves an
accuracy level of 80.00%. The low conformity and accuracy values in dimension 3 in the condition of no
substitution of ILS values were influenced by inputs consisting of three out of five recommended attributes. By
improving the results of the verbal learning style recommendations and reducing visual learning style
recommendation errors, the two ILS attributes substituted in the system succeeded in increasing the accuracy level
by 5.71%. The results shown in Figure 6 regarding sequential learning style recommendations in conditions
without substitution of the Index of Learning Style (ILS) value shows the highest number. This is due to input data
that have a low membership rate, which tends to be higher, as well as solutions that are in accordance with the ILS
results, even though the level of conformity is very low, at 59.37%. This condition affects the low value of global
learning styles. The global learning style recommendation has a conformity level of 100% because the value of
the global false rate decreases to 0.

In Figure 9, the results of the global learning style recommendation under the condition of ILS substitution
value show an increase of six digits when compared to the condition without ILS substitution. This increase was
triggered by a decrease in the number of false sequentials by four and true sequentials by two, as well as an increase
in global falsehoods of 1.46%. The level of sequential learning style conformity increased to 70.83%, with an
increase of 11.46%, while global learning style conformity decreased to 81.81%. The level of accuracy obtained
from dimension 4 (understanding) in the condition of no substitution of the ILS value was 62.86%. This figure
tends to be lower than the condition where dimension 4 uses ILS value substitution, which shows an accuracy rate
of 74.29%. The low value of conformity and accuracy in dimension 4 in the condition of no substitution of the ILS
value is influenced by the input consisting of one of the three recommended attributes. By improving the results
of the global learning style recommendations and reducing sequential learning style recommendation errors, the
two ILS attributes substituted in the system succeeded in increasing the accuracy rate by 11.43%.

The accuracy results of the two similarity functions obtained showed the same values in dimension 1
(processing), dimension 2 (perception), and dimension 3 (input). However, there was a difference of 2.85% in the
accuracy level of dimension 4 (understanding), which was influenced by the decrease in the results of false
sequential learning style recommendations by one number and the increase in the results for true global learning
style recommendations by one number, such that the accuracy level of dimension 4 in the nearest-neighbor
similarity function increased to 65.71%.

4, Conclusions

This study successfully developed an adaptive e-learning system that identifies student learning styles based on
FSLSM using behavioral data from Moodle. Sixteen behavioral attributes were extracted and processed through
fuzzy logic and case-based reasoning to classify the students' learning styles into four dimensions. The system's
classification accuracy significantly improved when the ILS questionnaire values were integrated, reaching up to
82.86% in the processing dimension. In comparison, the lowest accuracy without ILS substitution was found for
the understanding dimension (62.86%). The findings highlight that integrating additional learner-specific data,
such as the ILS questionnaire, enhances the classification performance of the system. Furthermore, the nearest-
neighbor similarity function slightly outperformed the fuzzy similarity in the understanding dimension. These
results align with the research objectives and indicate that behavioral data combined with machine learning
techniques can effectively support personalized e-learning. Future work should explore hybrid similarity
techniques and broader datasets to further improve classification reliability.

Volume 4, No. 1, April (2025) | 39



References

(1]
(2]

(3]

(4]

(5]

(6]
(7]

(8]
[0l

[10]

[11]

[12]

[13]

[14]

(18]

[16]

[17]

(18]

[19]

[20]

H. Jusuf, “Dampak Model Pembelajaran Online Menggunakan Moodle untuk Mata Kuliah Desain Grafis
di Era Covid-19,” Jutisi, vol. 10, no. 1, pp. 67-74, 2021.

G. N. P. N. Pardomuan, “Sistem Personalisasi E-Learning Berorientasi Felder Silverman Learning Style
Model Pada Mata Pelajaran Teknik Pengambilan Gambar,” J. Edutech Undiksha, vol. 8, no. 1, p. 167,
2020, doi: 10.23887/jeu.v8i1.26252.

D. Zagulova, V. Boltunova, S. Katalnikova, N. Prokofyeva, and K. Synytsya, “Personalized E-Learning:
Relation Between Felder— Silverman Model and Academic Performance,” Applied Computer Systems, vol.
24, no. 1. sciendo.com, pp. 25-31, 2019. doi: 10.2478/acss-2019-0004.

J. H. Sihombing, K. A. Laksitowening, and E. Darwiyanto, ‘“Personalized E-Learning Content Based on
Felder-Silverman Learning Style Model,” 2020 8th Int. Conf. Inf. Commun. Technol. IColCT 2020, 2020,
doi: 10.1109/1C0lCT49345.2020.9166452.

D. L. Sensuse, L. M. Hasani, and B. Bagustari, “Personalization Strategies Based on Felder-Silverman
Learning Styles and Its Impact on Learning: A Literature Review,” 2020 3rd Int. Conf. Comput.
Informatics Eng. IC21E 2020, pp. 293-298, 2020, doi: 10.1109/IC21E50715.2020.9274670.

H. Jusuf, “Strategi pembelajaran online collaborative dengan tools collaborative online pada learning
management system,” vol. 10, no. 3, pp. 1-13, 2021, doi: 10.35889/jutisi.v10i3.739.

H. Jusuf, Nurdin Ibrahim, and Atwi Suparman, “Development of Virtual Learning Environment Using
Canvas To Facilitate Online Learning,” JTP - J. Teknol. Pendidik., vol. 23, no. 2, pp. 153-168, 2021, doi:
10.21009/jtp.v23i2.22240.

A. Greena and G. Deel, “Felder-Silverman Model: International Comparison Application Post COVID,”
International Journal of Business, vol. 28, no. 2. ir.lib.cyut.edu.tw, 2023. doi: 10.55802/1JB.028(2).004.
S. M. Nafea, F. Siewe, and Y. He, “On Recommendation of Learning Objects Using Felder-Silverman
Learning Style Model,” IEEE Access, wvol. 7, pp. 163034-163048, 2019, doi:
10.1109/ACCESS.2019.2935417.

D. Zlatkovic et al., “Analysis of adaptive e-learning systems with adjustment of Felder-Silverman model
in a Moodle DLS,” Comput. Appl. Eng. Educ., vol. 28, no. 4, pp. 803-813, 2020, doi: 10.1002/cae.22251.
H. Jusuf, A. Sobari, M. Fauzi, and A. Andiani, “Development of Project-Based Digital Learning Modules
for Legal Dutch Courses,” Proceeding Int. Conf. Multidiscip. Res. Sustain. Innov., vol. 1, no. 1, pp. 484—
491, 2024, doi: 10.31098/icmrsi.v1i.835.

B. Sinaga, Sahyar, Darwin, P. Simamora, and J. Rajagukguk, “Pelatihan pengembangan modul
pembelajaran berbasis gaya belajar dan berpikir siswa pendidikan dasar di kota Medan,” J. Pengabdi. Kpd.
Masy. vol. 3, no. 2, pp. 1051-1062, 2022, [Online]. Available:
http://ejournal.sisfokomtek.org/index.php/jpkm/article/view/491%0Ahttp://ejournal.sisfokomtek.org/ind
ex.php/jpkm/article/download/491/391

M. Ahmed and S. Hina, “The presentation of adaptive contents based on felder silverman learning style,”
Tech. Journal, Univ. Eng. Technol.,, vol. 24, no. 4, pp. 35-46, 2019, [Online]. Available:
http://tj.uettaxila.edu.pk/index.php/technical-journal/article/view/1023

R. D. Ferdiani, “Honey and Mumford: Application of interactive e-LKPD to improve students’ creative
thinking abilities,” Pythagoras J. Progr. Stud. Pendidik. Mat., vol. 13, no. 1, pp. 20-30, 2024, doi:
10.33373/pyth.v13i1.6116.

A. Kolb and D. Kolb, “Eight important things to know about the experiential learning cycle,” Aust. Educ.
Lead., vol. 40, no. 3, pp. 8-14, 2018, [Online]. Available:
https://search.informit.org/doi/10.3316/informit.192540196827567

R. Agistnie, H. S. Lukman, and N. Agustiani, “Model Pembelajaran Kolb-Knisley Berbantuan Geogebra
terhadap Kemampuan Penalaran Siswa dalam Menyelesaikan Soal Setara PISA,” Prisma, vol. 11, no. 2,
p. 395, 2022, doi: 10.35194/jp.v11i2.2414.

N. Annamalai and B. Bervell, “Exploring ChatGPT’s role in English grammar learning: A Kolb model
perspective,” Innov. Educ. Teach. Int, wvol. 00, no. 00, pp. 1-17, 2025, doi:
10.1080/14703297.2025.2451328.

B. N. Atsumbe, E. Raymond, A. S. Owudunni, and R. E. Ekpe, Effects of felder-silverman and honey-
mumfoord lewarning Models on students’ academic achievement in technical colleges.
repository.futminna.edu.ng, 20109. [Online]. Available:
http://repository.futminna.edu.ng:8080/xmlui/handle/123456789/9442

E. A. Lubis, E. Napitupulu, and E. W. Nugrahadi, “Pengembangan Modul Berbasis Experiential Learning
Pada Matakuliah Perencanaan Pembelajaran Akuntansi,” Jurnal Teknologi Informasi & Komunikasi
Dalam Pendidikan, vol. 7, no. 2. p. 146, 2020. doi: 10.24114/jtikp.v7i2.23242.

M. F. Ibrahim, “Model Rangkaian Neural Bagi Penentuan Gaya Pembelajaran Pelajar Berasaskan Model
Felder-Silverman,” Asean J. Teach. Learn. High. Educ., vol. 14, no. 2, pp. 108-121, 2022, doi:
10.17576/ajtlhe.1402.2022.08.

Volume 4, No. 1, April (2025) | 40



[21]  H. Jusuf, N. Ibrahim, and A. Atwi Suparman, “Development of Hybrid Learning Material to Support
Object-Oritented Programming Course,” in 1st International Conference on Science & Technology for
Internet of Things, 2019. doi: 10.4108/eai.19-10-2018.2281285.

[22] M. S. Hasibuan, R. Z. Abdul Aziz, D. A. Dewi, T. B. Kurniawan, and N. A. Syafira, “Recommendation
Model for Learning Material Using the Felder Silverman Learning Style Approach,” HighTech Innov. J.,
vol. 4, no. 4, pp. 811-820, 2023, doi: 10.28991/H1J-2023-04-04-010.

[23] B. A. Muhammad et al., “A Fuzzy C-means Algorithm to Detect Learning Styles in Online Learning
Environment,” J. Netw. Netw. Appl., vol. 4, no. 1, pp. 3947, 2024, doi: 10.33969/J-NaNA.2024.040105.

Volume 4, No. 1, April (2025) | 41



