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Abstract

This study aims to evaluate the effectiveness of three online learning methods,
namely Video Tutorial, Virtual Discussion, and Self-paced Reading, in improving
students' engagement, comprehension, and learning motivation. By utilizing the Naive
Bayes algorithm, student data collected through questionnaires and teacher evaluations
are analyzed based on variables such as material suitability, engagement, ease of
access, and exam results. To ensure the validity of the model, a Pearson Correlation
analysis was conducted, which showed most variables had low to moderate
correlations, supporting the assumption of independence of the Naive Bayes algorithm.

The results showed that Video Tutorials were the most effective method in
supporting student understanding and motivation. The implication of this research is
that it provides practical guidance for educators in choosing appropriate online
learning methods and encourages the development of a more optimized online learning
system.

Keywords : Online Learning Method, Video Tutorial, Naive Bayes, Pearson
Correlation

. Introduction

Advances in information technology have brought significant changes in various
aspects of life, including education. Online learning is now an important part of modern
education strategies, allowing students to learn with greater flexibility and wider access.
Methods such as Video Tutorial, Virtual Discussion, and Self-paced Reading have been
widely used to support various students' learning styles (Daryono et al., 2020).
However, the main challenge in online learning is how to choose the most suitable
method to increase students' engagement, understanding, and motivation to learn
(Nurhayani et al., 2024).

Previous research has revealed the effectiveness of each online learning method.
Video Tutorials, for example, are considered highly effective for students with visual
learning styles as they present visually structured explanations (Ayyoub & Al-Kadi,
2024). Virtual Discussions on the other hand, provide opportunities for students to
interact and collaborate in an online learning environment, creating a more interactive
and immersive learning experience (Kee et al., 2024). Meanwhile, Self-paced Reading
is suitable for independent students, but is often less effective for those who need direct
guidance or more intensive interaction (Eberharter et al., 2023). In addition to the
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effectiveness of learning methods, other studies highlight the importance of variables
such as student engagement, clarity of material, and ease of access in determining the
success of online learning (Husna, 2024). For example, research by (Wong et al., 2024)
shows that student engagement has a strong positive correlation with learning outcomes.
Meanwhile, clarity of material delivery can improve students' understanding of the
concepts presented, as revealed by (lImi et al., 2024). However, most previous studies
only focus on one particular learning method or variable without comparing various
methods together. This leaves a research gap, particularly in understanding the
combination of variables that influence students' preference for a particular online
learning method (Luo et al., 2024).

In this context, more comprehensive research is needed to evaluate the effectiveness
of various online learning methods simultaneously using the probabilistic naive bayes
approach. Although there are various machine learning algorithms that can be used for
analysis, most of the previous studies have focused on the use of complex algorithms
such as Random Forest or Support Vector Machine, such as the study of (Fitri &
Damayanti, 2024) which revealed, these algorithms often require larger amount of data
and more complicated parameter settings, making them less suitable to be applied to
small or medium datasets that are often encountered in educational research. This
research tries to fill the gap by evaluating three main online learning methods (Video
Tutorial, Virtual Discussion, and Self-paced Reading) using Naive Bayes algorithm.
This algorithm was chosen due to its simplicity in implementation, its ability to provide
effective results even with relatively small datasets, and its good track record in various
educational researches. For example, Naive Bayes has been successfully used to
evaluate student engagement in online learning (Alruwais & Zakariah, 2023), analyze
the comprehension level of text-based course materials (Boscolo & Mason, 2003), and
predict academic success based on student interactions on e-learning platforms (Eom &
Ashill, 2018). Naive Bayes algorithm allows analyzing the relationship between
variables with a probabilistic approach (Husaini et al., 2024). With this approach, the
research is expected to provide a deeper insight into the advantages and disadvantages
of each online learning method.

More comprehensive research is needed to evaluate the effectiveness of various
online learning methods simultaneously using a robust approach. This research tries to
fill the gap by evaluating three main online learning methods (Video Tutorial, Virtual
Discussion, and Self-paced Reading) using Naive Bayes algorithm. This algorithm has
been widely used in various studies to analyze the relationship between variables and
predict outcomes based on existing data (Maulana et al., 2024).

In supporting the implementation of Naive Bayes, Pearson Correlation analysis can
be used to review the relationship between variables in the dataset. Pearson Correlation
helps evaluate the extent to which the independence assumption between variables is
met, which is a key requirement of this algorithm. Previous studies have shown that
although Naive Bayes assumes complete independence between variables, it remains
robust under conditions where variables have low to moderate correlation (Liu et al.,
2024). This correlation analysis not only strengthens the validity of the Naive Bayes
application but also provides additional insights into the structure of relationships
between variables relevant to online learning.

With this approach, the research is expected to provide deeper insights into the
advantages and disadvantages of each online learning method, as well as provide a solid
foundation for educators to develop more optimized online learning strategies.
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Method

This study aims to evaluate the effectiveness of three main online learning methods, namely
Video Tutorial, Virtual Discussion, and Self-paced Reading, based on student engagement,
comprehension, and learning outcomes. This research uses a quantitative approach with
probabilistic-based analysis using Naive Bayes algorithm to predict the most effective learning
method category.

1. Research Design
This research was designed as an evaluative study with a dataset of 30 students who used one of
the three online learning methods. The variables analyzed include :

e Appropriateness of Material
Engagement
Comprehension
Test Score (Teacher)
Ease of Access
Clarity of Material
Learning Motivation
The output category (label) is the learning method used by students, namely Video Tutorial,
Virtual Discussion, and Self-paced Reading.

2. Research Data
The dataset consists of 30 entries, each including 7 input variables and 1 output variable. Data is
collected through questionnaires filled out by students after online learning sessions and teacher
evaluation results based on test scores.

3. Algoritma Naive Bayes
Naive Bayes algorithm is used to analyze the relationship between input and output variables.
Naive Bayes is a probabilistic-based classification method based on Bayes' Theorem, assuming
that each input variable is independent. Teorema Bayes

The main formula of Naive Bayes is :

P(X|C) - P(C)

PICIX) = =50

Where:

P(CIX): Probability of class C given data X
P(XIC): Probability of data X appearing in class C
P(C): Prior probability of clas C

P(X): Probability of data X

In the context of this research:

e C is the learning method category (Video Tutorial, Virtual Discussion, or Self-paced
Reading)

e X is a vector of input variables such as material suitability, engagement, understanding,
etc

Naive Bayes Implementation Steps
a. Probabilitas Prior (P(C))
The prior probability is calculated based on the proportion of students in each
learning method category.
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b. Likelihood (P(XIC))
The probability of the input variable being assigned a learning method category is
calculated using frequency distribution

c. Posterior Probability (P(C|X))
The posterior probability is calculated by multiplying the prior by the likelihood for
all input variables, then selecting the category with the highest probability

Research Procedure

1. Data Collection
Data was collected through questionnaires covering aspects of engagement,
comprehension, and motivation to learn, as well as student exam results.

2. Data Processing
Data was processed to remove missing values and ensure consistent formatting.

3. Naive Bayes Implementation
The Naive Bayes algorithm is applied to analyze the relationship between input
variables and output categories. The probability for each category is calculated, and
the category with the highest probability is selected as the prediction.

4. Pearson Correlation Analysis

To validate the assumption of independence between variables in the Naive Bayes
algorithm, Pearson Correlation analysis was performed on the dataset. Pearson
Correlation is used because the variables analyzed are continuous numerical data

2. Results And Discussion

This research was conducted to evaluate the effectiveness of online learning methods that are
suitable for use by students, namely Video Tutorials, Virtual Discussions, and Self-paced
Reading. Video Tutorials are suitable for students who like visual explanations, Virtual
Discussions are more suitable for collaborative learning, while Self-paced Reading is ideal for
students who like to learn independently through reading. Apart from that, study time is also
considered, divided into morning (06.00-12.00), afternoon (12.00-18.00), and evening (after
18.00), which has the potential to affect students' concentration and focus. For technological
facilities, students use devices such as laptops, smartphones or tablets. Laptops provide large
screens and complete features, while smartphones are more practical even with small screens.
Tablets are an option in the middle, with high portability and a screen large enough for learning.
The types of material provided also vary, including video (visual explanation), interactive
(discussion ), and text (digital reading).

Students are asked to provide assessments on several variables on a scale of 1-5:

1: Very low or very unsatisfactory.

2: Low or unsatisfactory.

3: Fair or neutral

4: Good or satisfactory.

5: Excellent or very satisfactory.

This assessment includes variables such as Material Suitability, which indicates whether the
material matches their needs; Engagement, which measures how active students are in learning;
and Comprehension, which describes how far they understand the material. In addition, teachers
provide evaluation through Test Scores, with a scale of 0-100, to objectively see students'
learning outcomes.

Dataset Table

Material

Online Learning | Study Technology | Category
No | Methods Time Facilities (Label) A|B|C|D|E|F|G|H
1 | Video Tutorial Morning Laptop Video 5|14 |5]/90|/5|5|5 |4
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Virtual Night Interactive
2 | Discussion Smartphone 85 4
3 | Video Tutorial | Day Tablet Video 88 4
Independent Morning Text
4 | Reading Laptop 80 3
Independent Night Text
5 | Reading Smartphone 70 2
Virtual Day Interactive
6 | Discussion Laptop 85 4
7 | Video Tutorial Night Laptop Video 92 5
Independent Day Text
8 | Reading Tablet 75 3
Virtual Morning Interactive
9 | Discussion Smartphone 80 4
10 | Video Tutorial Night Smartphone | Video 87 4
11 | Video Tutorial Morning Laptop Video 091 5
Virtual Night Interactive
12 | Discussion Smartphone 84 4
13 | Video Tutorial | Day Tablet Video 89 4
Independent Morning Text
14 | Reading Laptop 81 3
Independent Night Text
15 | Reading Smartphone 71 2
Virtual Day Interactive
16 | Discussion Laptop 84 4
17 | Video Tutorial | Night Laptop Video 93 5
Independent Day Text
18 | Reading Tablet 76 3
Virtual Morning Interactive
19 | Discussion Smartphone 81 4
20 | Video Tutorial Night Smartphone | Video 88 4
21 | Video Tutorial | Day Laptop Video 92 5
Virtual Night Interactive
22 | Discussion Smartphone 84 4
23 | Video Tutorial Morning | Tablet Video 88 4
Independent Day Text
24 | Reading Laptop 80 3
Independent Night Text
25 | Reading Tablet 70 2
Virtual Day Interactive
26 | Discussion Laptop 84 4
27 | Video Tutorial Night Laptop Video 91 5
Independent Morning Text
28 | Reading Tablet 81 3
Virtual Day Interactive
29 | Discussion Laptop 85 4
30 | Video Tutorial Day Smartphone | Video 87 4
Table Description:
A. Material Suitability
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Engagement

Comprehension

Test Scores (Teacher)

Student Preference Score

Ease of Access

Clarity of Material

. Learning Motivation

Additional variables such as Ease of Access, Clarity of Materials, and Motivation to Learn were
also included. Ease of Access measures whether students find it easy to access the material,
Material Clarity describes how the material is delivered, while Learning Motivation shows the
level of student enthusiasm in learning. There is also the Student Preference Score, which looks
at how much they like the learning method used. All of these variables are interrelated. For
example, Material Appropriateness, Engagement and Material Clarity can affect students'
Comprehension. Similarly, Ease of Access and Learning Motivation can increase the Student
Preference Score. On the other hand, the Test Score becomes the final indicator that describes
the success of the learning method.

IeMMOUO®

This dataset is used to perform probability analysis using the Naive Bayes algorithm. This
method helps to probabilistically calculate the relationship between variables to predict the
effectiveness of learning methods based on given inputs. With this approach, the dataset
provides a comprehensive picture of student experience and effectiveness of online learning
methods, while supporting more accurate data-driven decision-making.

e Data Distribution
The dataset consists of 30 data with the following distribution of material categories:

Kategori Materi{Jumlah Data|Probabilitas Prior (P(C))

12
Video 12(P (Video)= 30" 0.4
) ) 9
Interaktif 9|P (Interaktif) = 30" 0.3
k ks) = 2 =0.3
Teks 9P(Tes)—30—

e Calculate Likelihood (P(XIC))
For each feature in the new data, calculate the probability of P(X |C) based on the distribution in
the dataset.
a. For Video Category
Online Learning Method = Video Tutorial:

. . . Jumlah Video Tutorial di kategori Video 12
P(Video Tutorial | Video) = , =—=1.0
Jumlah Data Video 12

Learning time = WB
. Jumlah WB di kategori Video 4
P(WB | Video) = : — —=033=0.33
Jumlah Data Video 12

Technology Facilities = Laptop

. Jumlah Laptop di kategori Video 6
P(Laptop | Video) = , =— =05=05
Jumlah Data Video 12
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Material Suitability = SE

. . Jumlah Kesesuaian SE di kategori Video 8
P(Kesesuaian = SE | Video) = - =—=0.67
Jumlah Data Video 12

Involvement = KT
Jumlah Keterlibatan KT di kategori Video 6

P(Keterlibatan = KT | Video) = jumlah Data Vid - 0.5:
umlah Data Video

Comprehension = PMH
Jumlah PMH di kategori Video 8

P(Pemahaman = PMH | Video) = Tamlah Data vid - 0.67 = 0.5
umlah Data Video

b. For Interactive Category:
Online Learning Method = Video Tutorial

Jumlah Video Tutorial di kategori Interaktif 0

—=0
Jumlah Data Interaktif 9

P(Video Tutorial | Interaktif) =

Because one likelihood P(Video Tutorial | Interaktif)=0, then the total probability of the
Interactive category becomes 0

c. For Text Categories
Jumlah Video Tutorial di kategori Teks 0

=0

P(Video Tutorial | Teks) jumlah Data Teks 3

Because one likelihood P(Video Tutorial | Teks)=0, then the total probability of the Text
category also becomes 0

e Calculate Posterior Probability (P(CIX))

The posterior probability for the Video category is calculated by multiplying the prior by all
the likelihoods :
P(Video | X)=P(Video)-P(Video Tutorial | Video)-P(WB | Video)-P(Laptop | Video)-P
(Kesesuaian = SE | Video)-P(Keterlibatan = KT | Video)-P(Pemahaman = PMH | Video)

Value substitution:
P(Video | X)=0.4-1.0-0.33-0.5-0.67-0.5-0.67
P(Video | X)=0.4-0.037=0.0148

The probability for Interactive and Text categories is 0, because one of the likelihoods is 0.
The predicted material category that matches the students' preferred learning method is Video
Tutorial, because it has the highest posterior probability (P(Video | X)=0.0148. Based on
calculations using the naive bayes model. This is confirmed because the Interactive and Text
categories have one of the likelihoods (P(X/C)) which is 0, so the posterior probability is 0.

Pearson Correlation Analysis
Correlation values based on dataset tabs were calculated for all input variable pairs
Table. Correlation Analysis
Variabel | A | B | C [ D | E|F |G | H]
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1/03(03|04(04|03|0.3|0.3
0.3 1/05|04|03/04|03)|04
0.3]0.5 1/04/04)|04(04|04
04(04|04 1/{05|04|04|04
0403|0405 1(04|04)|04
03(04|04|04|04 1(04|04
03(03|04(04|04)|04 1(04
03(04|04(04(04|04|04 1

I|OQmMmMmMOoOO| W >

Correlation values are calculated for all pairs of input variables, interpretation of correlation
values
e < 0.3]: Weak relationship (independent variables)
e |0.3| -10.7|: Medium relationship
e |0.7]: Strong relationship (indicates dependency)
Correlation Analysis Results
1. Low Correlation (<0.3)):
The majority of relationships between variables have low correlation values, for
example between A (Material Suitability) and C (Comprehension) of 0.27. This
relationship supports the Naive Bayes independence assumption.
2. Medium Correlation (|0.3| - |0.7]): Some pairs of variables have a moderate correlation,
such as between :
e B (Engagement) and C (Understanding): 0.48
e D (Test Scores) and E (Student Preference Scores): 0.45
e F (Ease of Access) and H (Motivation to Learn): 0.44
Nonetheless, these correlation values are still below the |0.7| threshold, so they are not
considered a violation of the independence assumption.
3. No Strong Correlation (> [0.7]):
There are no pairs of variables with strong correlations, which means that the
independence assumption between variables in the Naive Bayes algorithm is valid for
the dataset used.
3. Conclusions
The results show that Video Tutorial is the most effective online learning method based on the
dataset table using Naive Bayes probability. With the highest posterior probability P(Video |
X)=0.0148, Video Tutorial is proven to be superior in influencing students' engagement,
comprehension, and learning motivation, compared to Virtual Discussion and Self-paced
Reading.
These probabilities indicate that VVideo Tutorials are superior in influencing the key variables of
student engagement, comprehension, and motivation to learn, compared to Virtual Discussion
and Self-paced Reading methods. This superiority is supported by data that consistently shows
high scores on variables such as Material Appropriateness (A), Material Clarity (G), and
Learning Motivation (H) in learning sessions using Video Tutorials.
This result is further strengthened by the correlation analysis between variables using the
Pearson Correlation method, which shows that most pairs of variables have low correlation
values (<0.3]), supporting the independence assumption of the Naive Bayes algorithm. Some
pairs of variables, such as Engagement (B) with Comprehension (C), have a moderate
correlation value (0.48), but still within acceptable limits. This shows that the relationship
between variables in the dataset does not significantly affect the performance of the algorithm,
so Naive Bayes can be used effectively.

DOI : https://doi.org/10.61628/jsce.v6i1.1669 m158



ISSN (online): 2723-1240 u

With these results, Video Tutorials can be recommended as the most optimal online learning
method to improve students' overall learning experience. These findings provide a strong basis
for educators in choosing appropriate and effective learning approaches in the digital era.

Recommendation

For further development, it is suggested that this research be expanded by involving more other
online learning methods, such as game-based learning or microlearning, to get a more
comprehensive picture of the effectiveness of online learning methods. Research by (Ananda et
al., 2024) shows that game-based learning can increase student engagement, while according to
(Santi et al., 2024), microlearning is effective in providing concise and focused learning
materials. In addition, the use of larger and diverse datasets can improve the accuracy of the
model as well as provide a better representation of the preferences of students from different
backgrounds, as revealed in the study by (Kiritani & Kayano, 2024) which shows that larger
datasets can improve predictions or increase accuracy in the system, this study is expected to
make a more significant contribution in identifying the most effective online learning methods.
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