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Abstract: The growing prominence of e-learning in education has led to the need for a comprehensive
understanding of the factors influencing learning outcomes. This study aims to investigate the com-
bined effects of e-learning orientation, Moodle usage, and learning planning on learning outcomes in
the context of on-demand lectures. A sample of participants from the Department of Information
Science and Engineering in the Faculty of Engineering completed questionnaires related to e-learning
orientation, while Moodle usage data and learning planning information were collected. Correla-
tion, principal component, cluster, and multiple regression analysis were conducted to examine the
relationships between variables and their impact on learning outcomes. The results suggest that
e-learning orientation did not exert a significant influence on learning outcomes. However, Moodle
usage and learning planning emerged as crucial factors. Increased engagement with Moodle, as
indicated by higher clicks and utilization of its learning functionalities, was associated with improved
learning outcomes. Additionally, effective learning planning, characterized by adherence to sched-
ules and timely submissions, positively influenced learning outcomes. The results emphasize the
importance of considering multiple factors, not just a single factor, for successful online learning.
These findings provide valuable insights for optimizing learning outcomes in on-demand lectures.

Keywords: Learning Management System; e-learning orientation; Moodle usage; learning planning;
learning behavior; on-demand lectures; online learning; student engagement; educational technology

1. Introduction

The proliferation of the novel coronavirus during the spring of 2020 compelled numer-
ous academic institutions to swiftly transition towards virtual instructional formats [1-3].
Online pedagogical methods, commonly referred to as “e-learning”, have been extensively
employed and examined since the early 2000s. E-learning represents a comprehensive
concept encompassing various approaches to education that harness the potential of in-
formation and communication technologies (ICT) [4]. In the Japanese context, e-learning
has been primarily utilized in on-demand instructional settings, predominantly within
corporate training initiatives, university correspondence courses, and tutoring establish-
ments. Although many universities had previously incorporated elements of e-learning
into select lectures before the advent of the COVID-19 crisis, it is challenging to assert
that a significant proportion of students and faculty members were thoroughly acquainted
with this educational paradigm. Furthermore, previous studies have focused primarily
on the general e-learning environment, but there is still a lack of detailed research on
the characteristics and impact of on-demand lecture-based learning environments in the
COVID-19 crisis. In addition, not only how the three factors of e-learning orientation,
Moodle usage, and learning planning affect on-demand classroom performance but also
the interrelationships among these factors have not been fully investigated. Against this
background, this study is positioned as an attempt to fill the aforementioned research gap.
On-demand lectures are typically facilitated through a university’s Learning Management
System (LMS) [5,6]. Online classes have garnered favorable opinions owing to their efficacy
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in curbing the spread of infectious diseases within academic environments, including
universities [7]. Furthermore, their advantages, such as the ability to engage in self-paced
studying, conduct coursework from the comfort of one’s home, and avail oneself of exten-
sive review opportunities, have been widely acknowledged. Conversely, critical feedback
has highlighted issues such as educational inequities stemming from disparities in access
to electronic equipment and internet connectivity, potential lifestyle deterioration, feelings
of social isolation, an overwhelming number of assignments, challenges in comprehending
instructions, and difficulties in acclimating to the learning pace [8].

Numerous scholarly publications investigating the pedagogical impacts associated
with e-learning have been disseminated across various academic domains. It has been
reported that online learning is almost as effective for learning as face-to-face classes [9].
It is worth noting that not all learners perceive e-learning as efficacious. Previous stud-
ies have suggested that there are differences among learners in their orientation toward
e-learning [10-13]. Learners’ suitability /unsuitability toward e-learning is referred to
as e-learning orientation [10-13]. In a study [10], the authors examined the relationship
between learning style, and learning effectiveness was explored by comparing the out-
comes of e-learning and traditional face-to-face instruction among university students.
The results of their analysis suggested that there were differences in learning effectiveness
depending on the learning style. Learners exhibit heterogeneity in their suitability for
engaging with e-learning methodologies. Furthermore, the results demonstrated that the
high e-learning orientation group achieved significantly higher test scores when compared
to the low e-learning orientation group [11]. The authors of this research [12] devised a
condensed version of the e-Learning Orientation Questionnaire, encompassing five dimen-
sions: preference, dedication, flexibility, monotony, and solitude. Positive impressions of
e-learning encompass preference, dedication, and flexibility, while negative impressions
revolve around monotony and loneliness. It was further ascertained that e-learning orien-
tation engenders differential effects on the efficacy of the learning experience, including the
inclination to persist with learning and the evaluation of the course [13].

Digital pedagogy, characterized by its unbounded accessibility and autonomic flexibil-
ity, is spearheading innovative approaches in terms of educational dissemination. It accords
learners the salient benefit of self-paced study unimpeded by conventional temporal or
geographical restrictions. Yet, this mode of instruction brings with it inherent challenges,
particularly the risk of alienating students from the process of intellectual acquisition.
Specifically, the spontaneous structure of tutelage necessitates that students assume pri-
mary responsibility for their intellectual advancement, often in an academic milieu devoid
of extrinsic motivation from educators or peers. Though this circumstance may offer a lib-
erating and inventive academic sphere for certain students, it might simultaneously induce
disorientation and apprehension in others. Additionally, this autonomous learning milieu
may foster intellectual disengagement in students deficient in requisite self-regulatory
competencies [14]. An evaluative approach to measuring the effectiveness of this pedagog-
ical method could involve gauging engagement within a LMS. Empirical findings have
demonstrated an association between reduced LMS engagement and suboptimal scholastic
performance [15], thereby bolstering the proposition that proactive student involvement
enhances educational outcomes. Increased student activity was noted on course pages due
to changes in learning design in online learning that were made during the pandemic [16].
However, this finding does not necessarily denote a cause—effect relationship, necessitating
further exploration to decipher the connection between individual learning proclivities,
adaptive capabilities, and contextual variables. In this paper, the frequency of involvement
with Moodle is referred to as Moodle usage.

Self-regulated learning encapsulates an array of processes wherein learners initiate
and maintain autonomously derived cognitive, emotional, and behavioral actions to ac-
complish their objectives [17]. This paradigm unfolds in three phases: the preparatory
phase, entailing goal delineation and strategizing, the operational phase, encapsulating
task execution, and the introspective phase, involving reflection on the outcomes and
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cultivating associations with the forthcoming learning phase [18]. Self-regulated learning
tactics are contemplated in the framework of motivation and pedagogical strategies, en-
compassing cognitive approaches associated with comprehending and retaining academic
content, metacognitive tactics linked to regulating academic progression, and resource
management strategies aligned with orchestrating a conducive learning environment [19].
In recent epochs, the scholastic environment has undergone substantial transformations
with the advent of multifarious digital technologies, rendering e-learning a prevalent mode
of education. Amid this backdrop, the efficacy with which learners employ self-regulated
learning methodologies is particularly underscored [20,21]. The capacity to devise precise
academic plans, encompassing attendance at virtual and in-person classes, participating
in on-demand courses, and designating time for assignment completion, is integral to
e-learning results. Concerning time management, learners necessitate proficiency in allo-
cating, organizing, and administering their time through monthly and weekly tasks and
schedules [22]. Moreover, learners’ adaptability to e-learning and on-demand approaches
can significantly influence the outcomes of their academic endeavors [23]. Specifically, aca-
demic procrastination is identified as a potential deterrent to learning motivation, thereby
adversely impacting academic results [24-26]. Conversely, an earlier study scrutinizing
the correlation between academic procrastination and course accomplishment [27] ascer-
tained that class absences and tardy assignment submissions were negatively significant
predictors of course achievement. These findings underscore the premise that proficiency
in self-regulated learning skills significantly influences e-learning success. In this paper,
scheduled lectures and assignments are referred to as learning planning.

A group of information science students from the College of Engineering took an
online class during the COVID-19 crisis. The lecture was on data science. Before the
COVID-19 crisis, the class was usually held in person. During the COVID-19 crisis, the
class was conducted online. While previous studies have focused primarily on the general
e-learning environment, this paper focuses on the learning environment of on-demand
lectures. On-demand lectures are a flexible format that allows participants to learn at their
own pace, and learning approaches may differ depending on their characteristics. In this
study, we examine whether performance in on-demand classes is influenced by e-learning
orientation, Moodle usage, and learning planning. Several studies have been conducted
on the relationship between multiple factors and learning outcomes [28,29]. The results of
those studies reported that learning planning has the greatest impact on learning outcomes.
The relationship between e-learning orientation and learning outcomes, the relationship
between Moodle usage and learning outcomes, and the relationship between learning
planning and learning outcomes has not been confirmed among factors. Because the
relationships among these factors are influenced by many factors, it is sometimes difficult
to draw general conclusions. In particular, the relationship between e-learning orientation
and learning outcomes with several other factors has not yet been confirmed. Learners’
characteristics, the learning environment, and course content may have a combined effect
on learning outcomes. This study will simultaneously assess the impact of multiple factors
on learning outcomes, such as e-learning orientation, Moodle usage, and learning planning,
rather than a single factor. By assessing them simultaneously, we will be able to determine
which individual learner characteristics influence learning outcomes. This will provide a
comprehensive understanding of the factors that shape learning outcomes in the context of
on-demand lectures. This study will test four predictions.

1.  To determine whether e-learning orientation affects on-demand lecture grades in this
study. There is a paper [11] that reports that it does affect it. If it does, it is thought to
be due to loneliness and unfamiliarity with IT in the COVID-19 crisis. We predict that
e-learning orientation will affect grades.

2. To determine whether Moodle usage affects on-demand lecture grades in this study, it
has been reported that students with higher access to materials provided in Moodle
have higher exam scores, and students with lower access have lower exam scores [15];
we predict that Moodle usage will have an impact on grades.
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3.  To determine whether learning planning affects on-demand lecture grades in this
study. In previous studies, it has been reported that those who plan better have better
learning outcomes. We predict that students who can plan their online classes within
the lecture time on their timetable will perform better.

4. To determine whether e-learning orientation, Moodle usage, and learning planning
are related to each other. Previous studies have not found a relationship between
multiple factors of e-learning orientation, Moodle usage, and learning planning. This
study will investigate not only how the three factors of e-learning orientation, Moodle
usage, and learning planning affect the performance of on-demand classes but also
the interrelationships among these factors. This will reveal how these factors interact
with each other and what complex effects they have on learning outcomes.

These are the four objectives of this study. Analyzing student learning patterns in
an on-demand lecture-based learning environment, which became widespread as a result
of the COVID-19 crisis, in terms of e-learning orientation, Moodle usage, and learning
planning, will contribute to improving student learning experiences in future university
environments.

2. Materials and Methods
2.1. Survey Sample

The data for this paper were derived from a lecture on Data Science Technology
delivered to students in the Department of Information Science and Engineering, Faculty
of Engineering, Yamaguchi University, who were in their second year or above. This
lecture is about data science, especially statistics, visualization, and artificial intelligence.
In this lecture, in addition to learning about the concepts of data science, students will
learn through actual hands-on activities such as data analysis using Python. This lecture is
accredited by the Ministry of Education, Culture, Sports, Science and Technology (MEXT)
as an “Applied Basic Level of Accreditation System for Mathematics, Data Science and
Al Smart Higher Education Program (MDASH-Advanced Literacy)” [30]. This lecture
was required. Out of the 113 students in attendance, 82 students participated in the
questionnaire, and their responses were used for analysis. Of these participants, 71 were
male and 11 were female. The survey was conducted from April to June 2022, within
the initial quota period. The collected data included scores from the final exam, the total
number of interactions with the Moodle course, the total number of lecture videos viewed,
the total number of quiz attempts, submission times for assignments, and responses to the
questionnaire.

2.2. Online Course Content

This lecture was conducted twice a week. In the timetable, it was on Wednesday
and Thursday. Each lecture was accessible at the start of the timetable. In each lecture,
students watched a video, took a knowledge test, summarized what they had learned,
and submitted a Python programming assignment (Jupyter Notebook). In each session,
students did these things by the deadline. The Moodle course included lecture videos,
quizzes, submission boxes, questionnaire forms, and teaching materials. The textbook [31]
with the video material was the course material, and the students had it in real life. The
lecture videos and quizzes could be accessed at any time and as often as needed, from the
date and time of that lecture until the exam was completed. Students could ask questions
at any time via email or questionnaire form.

2.2.1. Lecture Videos

An audiovisual resource of videos (in Kaltura format) of lectures on data science
technology designed by the educator has been uploaded. It was accessible at the beginning
of each class session. After each class, the videos could be viewed as many times as needed
at any time.
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2.2.2. Quizzes

Quizzes consisting of different types of questions (multiple choice, correct/incorrect,
matching, fill-in-the-blanks, calculations) were designed and uploaded by the educator to
test student understanding of the content being taught. They were accessible at the start of
each class session. The quiz could be taken as often as needed at any time after each class
session. The quiz setup also allowed students to receive the correct answers, scoring, and
feedback on their answers immediately after they were given.

2.2.3. Submission Box

Python programming assignments on s statistics, visualization, and artificial intel-
ligence were assigned in each lecture. Students programmed and submitted a Jupyter
Notebook. Explanations of the assignments were provided in the lecture videos.

2.2.4. Questionnaire Form

Students responded to a questionnaire form for each lecture, indicating their under-
standing of the lecture and their questions or requests to the educator.

2.2.5. Teaching Materials

There was a textbook [31] detailing the content of this lecture. Additional materials
have been uploaded, including materials on how to install Jupyter Notebook and an
explanation of Python programming.

2.3. Data Collection and Research Instrument

The collected data included scores from the final exam, the total number of interactions
with the Moodle course, the total number of lecture videos viewed, the total number of quiz
attempts, submission times for assignments, and responses to the questionnaire. In this
study, the learning outcome was the score on the final exam. The final exam consisted of
questions that confirmed the students” knowledge of data science, statistics, visualization,
and artificial intelligence studied in this course. Data on individual student enrollment
and activity logs throughout the semester were generated via Moodle. These data were
downloaded and analyzed offline using Exploratory v6.12.4 (Exploratory, Inc., Mill Valley,
CA, USA, https:/ /exploratory.io (accessed on 20 May 2023)). Student online activity was
calculated based on the number of interactions in Moodle. The “number of interactions” is
the total number of times a student clicked to access a class.

Moodle usage was evaluated based on the total number of Moodle interactions, the
total number of lecture videos viewed, and the total number of quiz attempts. The total
number of lecture videos viewed was obtained from Moodle records of the number of
times a video placed in a Moodle course was viewed. The total number of times the video
was viewed in each session was used as the total number of lecture videos viewed. The
total number of quiz attempts was obtained from Moodle records of the number of times
the quiz function was attempted in Moodle. The total number of attempts made in each
session was taken as the total number of quiz attempts.

Learning planning was evaluated based on the remaining time until the deadline for
each session. The time of submission was the time of submission to the submission box in
Moodle and was obtained from the Moodle records. The remaining time until the deadline
was obtained from the Moodle records. Data were adjusted to zero if deadlines were missed
or assignments were not submitted. Data on the remaining time until the deadline for
the 15th lecture were excluded because, unlike the other lectures, the submission deadline
was short. So, the submission time data handled in this experiment was from the first to
the fourteenth lecture. The remaining time until the deadline for each of the first through
fourteenth sessions was obtained. The average of the remaining time until the deadline
between the first and fourteenth sessions was determined, and this value was used as the
average remaining time until the deadline.
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2.4. Questionnaire

The study determined values for e-learning orientation and Moodle usage and learning
planning in each student. For e-learning orientation, five items (preference, dedication,
flexibility, monotony, and solitude; 10-item method) were used based on the existing
“e-Learning Orientation Questionnaire Short Version” [8]. However, since this was an
on-demand lecture, the term “e-learning” was replaced by “on-demand lecture. The
questionnaire was written in Japanese. All items used a 10-point Likert scale ranging
from 1 (not at all agree) to 10 (completely agree). The questionnaire had five components:
preference, dedication, flexibility, monotony, and solitude. The preference questions asked
students to indicate that on-demand lectures suited them and that they liked learning this
way. The dedication questions were the question that on-demand lectures are good in that
they allow one to study carefully and alone in a planned manner. The flexibility question
asked about the flexibility of the on-demand lectures is that they are not restricted by time
or place, so they can study according to their convenience. The monotony questions were
those that say that on-demand lectures are not enough because they feel monotonous.
The solitude questions asked about the sense of loneliness because it is difficult to make
friends in on-demand lectures because one takes the class alone. Preference, dedication, and
flexibility are positive impressions of on-demand lectures, while monotony and solitude
were negative impressions. In particular, the scoring for monotony and loneliness was
reversed in the data analysis.

2.5. Data Analytics

Pearson correlation analysis was performed to examine the relationship between
final exam scores and variables and between variables. The variables included the total
number of lecture videos viewed, the total number of quiz attempts, the total number of
Moodle interactions, the average remaining time until the deadline, and the e-learning
orientation dimensions (preference, dedication, flexibility, monotony, and solitude). Values
were standardized in principal component and cluster analysis and multiple regression
analysis to ensure comparability. Principal component analysis was used specifically for
the five e-learning orientation items. In addition, a non-hierarchical cluster analysis with
K-means was used for the e-learning orientation, and a non-hierarchical cluster analysis
with K-means was used to evaluate Moodle usage. Similarly, a non-hierarchical cluster
analysis with K-means was used to evaluate learning planning. A one-way analysis
of variance (ANOVA) was selected to determine if there were differences among the
clusters in final exam scores, the total number of lecture videos viewed, the total number
of quiz attempts, the total number of Moodle interactions, and the remaining time until
the deadline, respectively. In this study, a difference was considered statistically significant
when p < 0.05.

Multiple regression analysis was performed to examine the magnitude of the con-
tribution of the variables. The objective variable was the final exam score. The predictor
variables were the total number of lecture videos viewed, the total number of quiz attempts,
the total number of Moodle interactions, the average remaining time until the deadline,
and dimensions of e-learning orientation (preference, dedication, flexibility, monotony, and
solitude). R? refers to the precision of the overall regression equation and takes values
between 0 and 1. In multiple regression analysis, the absolute value of t-ratio represents
the magnitude of the influence of each explanatory variable on the objective variable, with
larger absolute values indicating a stronger influence.

We checked whether the clusters of e-learning orientation, Moodle usage, and learning
planning were consistent with each other. To evaluate the clustering results, precision,
recall, and F-measure were calculated over the duo of participant data (e-learning orienta-
tion and Moodle usage, e-learning orientation and learning planning, and Moodle usage
and learning planning) [32]. For every duo of data points that mutually inhabit at least
one cluster within the overlapping cluster outcomes, these metrics endeavor to ascertain
the accuracy of their group categorization in relation to the inherent truth of the data’s
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categorizations. Precision is gauged as the proportion of duos correctly assigned to an
identical cluster, while recall denotes the fraction of genuine pairs that were accurately
identified. Meanwhile, the F-measure serves as the harmonic mean of both precision and
recall. F-measure is used as a degree of coincidence between clusterings; F-measure can
range from 0.0 to 1.0, with values closer to 1.0 meaning more coincidence.

3. Results
3.1. Relationship between Final Exam Scores and Each Variable

The relationship between final exam scores and various factors was examined through
Pearson correlation analysis. Specifically, the correlations investigated were as follows: final
exam scores and the total number of lecture videos viewed, final exam scores and the total
number of quiz attempts, final exam scores and the total number of Moodle interactions,
final exam scores and the average remaining time until the deadline, final exam scores and
e-learning orientation preference, final exam scores and e-learning orientation dedication,
final exam scores and e-learning orientation flexibility, final exam scores and e-learning
orientation monotony, and final exam scores and e-learning orientation solitude. The results
indicated a significant positive correlation between final exam scores and the total number
of lecture videos viewed (r = 0.38, p < 0.01), final exam scores and the total number of quiz
attempts (v = 0.63, p < 0.01), final exam scores and the total number of Moodle interactions
(r=0.63, p < 0.01), and final exam scores and the average remaining time until the deadline
(r=0.50, p < 0.01). However, there was no significant correlation between final exam scores
and the e-learning orientation preference (r = —0.07, p = 0.51), final exam scores and the
e-learning orientation dedication (r = 0.06, p = 0.60), final exam scores and the e-learning
orientation monotony (r = 0.05, p = 0.68), final exam scores and the e-learning orientation
flexibility (r = 0.03, p = 0.77), or final exam scores and the e-learning orientation solitude (r
=—-0.11,p =0.34).

3.2. Analysis of E-Learning Orientation

A principal component analysis was performed on the five items of e-learning ori-
entation, consolidating them into a reduced number of dimensions. It was determined
that the first and second principal components, with eigenvalues greater than 1, would be
utilized. At this stage, the cumulative contribution ratio reached 65.21%. Table 1 displays
the factor loadings associated with each principal component. Based on the factor loadings,
the first principal component can be interpreted as a positive factor, indicating the ability
to schedule on-demand lectures according to one’s convenience. Conversely, the second
principal component represents a negative factor, reflecting the perception of monotony
and limited opportunities for social interactions in on-demand lectures.

Table 1. The factor loadings associated with each principal component.

Variables PC1 PC2
dedication 0.34 0.00
monotony 0.03 0.53

solitude 0.02 0.35
ﬂexibility 0.27 0.11
preference 0.35 0.00

Based on the aforementioned principal components (PC1 and PC2), a non-hierarchical
cluster analysis was conducted on the e-learning orientation. The K-means algorithm was
employed, and the number of clusters was determined to be four using the Elbow method.
The Hartigan—-Wong algorithm was utilized with a maximum of 40 iterations and 20 trials.
The results of the clustering are presented in Table 2, revealing that Cluster 1 consisted of
32 participants, Cluster 2 had 6 participants, Cluster 3 had 25 participants, and Cluster 4
comprised 19 participants. Figure 1 depicts the results of the analysis in a biplot. In Figure 1,
the horizontal axis represents PC1 and the vertical axis represents PC2. In Figure 1, blue
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dots represent Cluster 1, orange dots represent Cluster 2, green dots represent Cluster 3,
and red dots represent Cluster 4.

Table 2. The results of the clustering in Analysis of e-Learning Orientation.

Cluster ID Number of Rows Number of Rows (Ratio) Within-Cluster Sum of Squares PC1 PC2
1 32 0.39 13.51 0.03 0.23
2 6 0.07 3.21 2.29 1.34
3 25 0.30 17.69 0.29 -1.13
4 19 0.23 15.10 -1.16 0.68
) Variables
: * Clusterl
Cluster2
& Cluster3
s Cluster4
2 = .
L]
1 L] -
L . .
- 3
. v % .
—_— L]
&
[~ @
2 . o . >
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PC1 (50.0%)
Figure 1. The results of the cluster analysis in a biplot in Analysis of e-Learning Orientation.

For Cluster 1, the mean final exam score was 60.98 (SD 13.96), the mean number
of lecture videos viewed was 184.13 (SD 61.36), the mean number of quiz attempts was
25.72 (SD 11.61), the mean number of Moodle interactions was 1506.84 (SD 418.88), and
the mean remaining time until the deadline was 34.91 (SD 27.68). For Cluster 2, the mean
final exam score was 61.99 (SD 14.78), the mean number of lecture videos viewed was
181.33 (SD 68.16), the mean number of quiz attempts was 33.17 (SD 20.52), the mean number
of Moodle interactions was 1733.67 (SD 680.19), and the mean remaining time until the
deadline was 29.71 (SD 29.52). For Cluster 3, the mean final exam score was 59.39 (SD 12.97),
the mean number of lecture videos viewed was 165.52 (SD 79.23), the mean number of quiz
attempts was 23.84 (SD 10.68), the mean number of Moodle interactions was 1355.20 (SD
451.99), and the mean remaining time until the deadline 34.93 (SD 25.58). For Cluster 4,
the mean final exam score was 60.33 (SD 9.13), the mean number of lecture videos viewed
was 168.68 (SD 66.10), the mean number of quiz attempts was 24.95 (SD 9.69), the mean
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number of Moodle interactions was 1403.68 (SD 307.53), and the mean remaining time until
the deadline was 26.82 (SD 27.84).

To assess potential differences among clusters in terms of the final exam scores, the
total number of lecture videos viewed, the total number of quiz attempts, the total number
of Moodle interactions, and the average remaining time until the deadline, a one-way
analysis of variance (ANOVA) was conducted. The results indicated that there were no
significant differences observed for the final exam scores (F(3, 78) = 0.11, p = 0.96), the
total number of lecture videos viewed (F(3, 78) = 0.41, p = 0.74), the total number of quiz
attempts (F(3, 78) = 1.04, p = 0.38), the total number of Moodle interactions (F(3, 78) = 1.54,
p = 0.21), and the average remaining time until the deadline (F(3,78) = 0.45, p = 0.72).

For Cluster 1, PC1 and PC2 were the average group. Cluster 2 was the group with high
PC1 and PC2. Cluster 2 was a group where PC1 was average and PC2 was low. Cluster 2
was a group with low PC1 and high PC2.

3.3. Analysis of Moodle Usage

A cluster analysis was performed to analyze Moodle usage, specifically utilizing a non-
hierarchical cluster analysis with the K-means algorithm. The Elbow method determined
that three clusters were appropriate. The maximum number of iterations was set to 40,
with 20 trials conducted using the Hartigan-Wong algorithm. The clustering results can
be observed in Table 3, with Cluster 1 consisting of 18 participants, Cluster 2 comprising
49 participants, and Cluster 3 including 15 participants. Figure 2 depicts the results of the
analysis in a biplot. In Figure 2, the horizontal axis represents PC1 and the vertical axis
represents PC2. In Figure 2, blue dots represent Cluster 1, orange dots represent Cluster 2,
and green dots represent Cluster 3.

Table 3. The results of the clustering in Analysis of Moodle Usage.

Within-Cluster The Total Number of The Total Number The Total Number

Cluster ID Number of Rows Number of Rows (Ratio) Sum of Squares Lecture Videos Viewed of Quiz Attempts Iof Moo.dle
nteractions
1 18 0.22 26.54 0.11 1.45 1.08
2 49 0.60 36.55 —0.51 —0.47 —0.57
3 15 0.18 40.33 1.53 —0.20 0.59

Cluster analysis showed that there were 18 respondents in Cluster 1, 49 respondents
in Cluster 2, and 15 respondents in Cluster 3. For Cluster 1, the mean final exam score was
72.39 (SD 11.59), the mean number of lecture videos viewed was 182.00 (SD 40.41), the mean
number of quiz attempts was 42.56 (SD 9.11), the mean number of Moodle interactions
was 1919.44 (SD 337.12), and the mean remaining time until the deadline was 47.17 (SD
33.67). For Cluster 2, the mean final exam score was 55.18 (SD 10.42), the mean number
of lecture videos viewed was 140.14 (SD 31.79), the mean number of quiz attempts was
19.98 (SD 6.34), the mean number of Moodle interactions was 1204.22 (SD 217.03), and the
mean remaining time until the deadline was 28.06 (SD 23.48). For Cluster 3, the mean final
exam score was 63.18 (SD 9.23), the mean number of lecture videos viewed was 278.67 (SD
74.30), the mean number of quiz attempts was 23.13 (SD 8.39), the mean number of Moodle
interactions was 1707.60 (SD 470.14), and the mean remaining time until the deadline was
30.29 (SD 24.06).

A one-way analysis of variance (ANOVA) was conducted to evaluate potential differ-
ences between clusters for the final exam scores, the final report scores, and the average
remaining time until the deadline. The results indicated significant differences between
clusters in the final exam scores (F(2, 79) = 57.01, p < 0.01) and the average remaining
time until the deadline (F(2, 79) = 3.60, p < 0.05). Multiple comparisons of the main effects
revealed differences in final exam scores between Cluster 1 and Cluster 2, Cluster 1 and
Cluster 3, and Cluster 2 and Cluster 3 (p < 0.05). A significant difference was found between
Cluster 1 and Cluster 2 for the average remaining time until the deadline (p < 0.05).
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Figure 2. The results of the cluster analysis in a biplot in Analysis of Moodle Usage.

Cluster 1 was the group with the highest access to Moodle and the highest number of
quiz attempts. Cluster 2 was the group that accessed Moodle and watched more videos.
Cluster 3 was the group with the lowest number of access to Moodle, video views, and
quiz attempts.

3.4. Analysis of Learning Planning

Utilizing the remaining time until the submission deadline for each session as a basis, a
cluster analysis was conducted to investigate learning planning. A non-hierarchical cluster
analysis was employed using the K-means algorithm. The Elbow method determined that
four clusters were optimal for the analysis. The maximum number of iterations was set
to 40, with 20 trials performed using the Hartigan-Wong algorithm. The outcomes of the
clustering analysis are presented in Table 4, while a biplot illustrating the results can be
found in Figure 3. In Figure 3, the horizontal axis represents PC1, and the vertical axis
represents PC2. In Figure 3, blue dots represent Cluster 1, orange dots represent Cluster 2,
green dots represent Cluster 3, and red dots represent Cluster 4.

Table 4. The results of the clustering in Analysis of Learning Planning.

Cluster ID Number of Number ‘?f Rows Within-Cluster Sum of 1 2 3 4 5 6 7 s 9 10 1 12 13 14
Rows (Ratio) Squares
1 16 0.20 146.59 0.46 -0.17 0.73 0.34 0.28 0.41 0.67 0.26 0.65 0.68 0.78 0.63 0.86 0.71
2 15 0.18 97.53 0.80 0.95 0.22 0.11 -0.23 —-0.22 —0.33 —0.21 —0.20 —0.26 -0.29 —0.24 —0.31 —0.31
3 10 0.12 68.77 1.08 1.37 1.48 1.81 225 1.92 1.85 1.96 1.80 1.62 1.67 1.74 158 1.64
4 41 0.50 85.98 —0.74 —0.62 —0.72 —0.61 —0.57 —0.55 —0.59 —0.50 —0.62 —0.56 —0.61 —0.58 —0.61 —0.56
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Figure 3. The results of the cluster analysis in a biplot in Analysis of Learning Planning.

The cluster analysis yielded 10 participants for Cluster 1, 15 for Cluster 2, 16 for Cluster
3, and 41 for Cluster 4. For Cluster 1, the mean final exam score was 71.74 (SD 11.28), the
mean number of lecture videos viewed was 185.80 (SD 22.60), the mean number of quiz
attempts was 34.70 (SD 13.52), the mean number of Moodle interactions was 1869.10 (SD
403.65), and the mean remaining time until the deadline was 88.61 (SD 9.01). For Cluster
2, the mean final exam score was 61.77 (SD 11.16), the mean number of lecture videos
viewed was 160.00 (SD 68.43), the mean number of quiz attempts was 25.33 (SD 12.78), the
mean number of Moodle interactions was 1345.47 (SD 423.13), and the mean remaining
time until the deadline was 31.77 (SD 8.56). For Cluster 3, the mean final exam score was
65.91 (SD 12.46), the mean number of lecture videos viewed was 195.56 (SD 96.66), the mean
number of quiz attempts was 27.00 (SD 12.57), the mean number of Moodle interactions
was 1557.94 (SD 608.21), and the mean remaining time until the deadline was 51.03 (SD
9.25). For Cluster 4, the mean final exam score was 55.03 (SD 10.64), the mean number
of lecture videos viewed was 169.17 (SD 61.68), the mean number of quiz attempts was
22.76 (SD 9.55), the mean number of Moodle interactions was 1350.51 (SD 281.75), and the
mean remaining time until the deadline was 12.18 (SD 6.70).

To explore potential differences among the clusters in terms of the final exam scores,
the total number of lecture videos viewed, the total number of quiz attempts, and the total
number of Moodle interactions, a one-way analysis of variance (ANOVA) was conducted.
The results indicated significant differences between clusters in the final exam scores
(F(3, 78) = 7.96, p < 0.01), the total number of quiz attempts (F(3, 78) = 3.11, p < 0.05),
and the total number of Moodle interactions (F(3, 78) = 5.14, p < 0.01). Multiple compar-
isons of the main effects revealed differences in the final exam scores between Cluster
1 and Cluster 4, Cluster 1 and Cluster 2, Cluster 3 and Cluster 4, as well as Cluster 2
and Cluster 4 (p < 0.05). Regarding the total number of quiz attempts, significant differ-
ences were observed between Cluster 1 and Cluster 4, as well as Cluster 1 and Cluster 2
(p < 0.05). For the total number of Moodle interactions, significant differences were found
between Cluster 1 and Cluster 2, as well as Cluster 1 and Cluster 4 (p < 0.05). No significant
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difference was detected between clusters in terms of the total number of lecture videos
viewed (F(3,78) = 0.91, p = 0.44).

Cluster 1 was the group that submitted the immediately after the end of the lecture
time on the timetable in all 14 sessions. Cluster 2 was the group that submitted the
documents one or two days before the deadline for the first through the third sessions and
close to the deadline for the fourth and subsequent sessions. Cluster 3 was the group that
submitted a few days before the deadline on all 14 occasions. Cluster 4 was the group that
submitted close to the deadline on all 14 occasions.

3.5. Analysis of the Relationship between E-Learning Orientation, Moodle Usage, and Learning
Planning

To examine the relationships among the variables, a Pearson correlation analysis was
conducted. Specifically, we examined correlations between the total number of lecture
videos viewed, the total number of quiz attempts, the total number of Moodle interac-
tions, the average remaining time until the deadline, the e-learning orientation preference,
the e-learning orientation dedication, the e-learning orientation flexibility, the e-learning
orientation monotony, and the e-learning orientation solitude. The results showed that
there was a significant correlation between the total number of Moodle interactions and
the total number of lecture videos viewed (r = 0.62, p < 0.01), the total number of Moodle
interactions and the total number of quiz attempts (r = 0.72, p < 0.01), the total num-
ber of Moodle interactions and the average remaining time until the deadline (r = 0.38,
p < 0.01), the total number of quiz attempts and the average remaining time until the dead-
line (r =0.32, p < 0.01), There were significant correlations between the e-learning orientation
dedication and the e-learning orientation preference (r = 0.64, p < 0.01), the e-learning orien-
tation dedication and the e-learning orientation flexibility (r = 0.52,
p < 0.01), and the e-learning orientation preference and the e-learning orientation flex-
ibility (r = 0.50, p < 0.01). However, there was no significant correlation between the
total number of Moodle interactions and the e-learning orientation dedication (r = —0.07,
p = 0.52), the total number of Moodle interactions and the e-learning orientation preference
(r=—0.10, p = 0.36), the total number of Moodle interactions and the e-learning orientation
flexibility (r = —0.12, p = 0.30), the total number of Moodle interactions and the e-learning
orientation monotony (r = 0.11, p = 0.33), the total number of Moodle interactions and the
e-learning orientation solitude (r = —0.03, p = 0.76), the total number of quiz attempts and
the e-learning orientation dedication (r = —0.07, p = 0.51), the total number of quiz attempts
and the e-learning orientation preference (r = —0.17, p = 0.12), the total number of quiz
attempts and the e-learning orientation flexibility (r = —0.17, p = 0.14), the total number
of quiz attempts and the e-learning orientation monotony (r = 0.07, p = 0.54), the total
number of quiz attempts and the e-learning orientation solitude (r = —0.07, p = 0.52), the av-
erage remaining time until the deadline and the e-learning orientation dedication (r = 0.02,
p = 0.89), the average remaining time until the deadline and the e-learning orientation pref-
erence (r = —0.13, p = 0.24), the average remaining time until the deadline and the e-learning
orientation flexibility (r = 0.06, p = 0.59), the average remaining time until the deadline and
the e-learning orientation monotony (r = —0.04, p = 0.73), the average remaining time until
the deadline and the e-learning orientation solitude (r = —0. 17, p = 0.14), the e-learning
orientation dedication and the e-learning orientation monotony (r = 0.13, p = 0.26), the
e-learning orientation dedication and the e-learning orientation solitude (r = 0.09, p = 0.43),
the e-learning orientation preference and the e-learning orientation monotony (r = 0.21,
p = 0.06), the e-learning orientation preference and the e-learning orientation solitude
(r = 0.11, p = 0.34), the e-learning orientation flexibility and the e-learning orientation
monotony (r = —0.05, p = 0.66), the e-learning orientation flexibility and the e-learning
orientation solitude (r = 0.03, p = 0.79), and the e-learning orientation monotony and the
e-learning orientation solitude (r= 0.10, p = 0.35).

Next, multiple regression analysis was conducted to examine the magnitude of the
variables’ contributions. First, we standardized the values of final exam scores, the total
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number of Moodle interactions, the total number of lecture videos viewed, the total number
of quiz attempts, the average remaining time until the deadline, e-learning orientation
preference, e-learning orientation dedication, e-learning orientation flexibility, e-learning
orientation monotony, and e-learning orientation solitude. The objective variable was the
final exam score. Predictor variables were the total number of Moodle interactions, the total
number of lecture videos viewed, the total number of quiz attempts, the average remaining
time until the deadline, the e-learning orientation preference, the e-learning orientation
dedication, the e-learning orientation flexibility, the e-learning orientation monotony, and
the e-learning orientation solitude. Multiple regression analysis was performed with
predictor and objective variables. Multicollinearity was checked to ensure that none of
the VIFs exceeded 10. The results of the multiple regression analysis are shown in Table 5.
The R? was 0.57, which means that the overall regression equation is accurate, and this R
value implies that the accuracy is generally high. Next, we checked whether the estimated
coefficients were statistically meaningful. The total number of lecture videos viewed, the
total number of quiz attempts, and the average remaining time until the deadline had
p-values less than 0.05, indicating that the explanatory variables were related to the objective
variable. The p-values were less than 0.05, indicating that the explanatory variables had
a relationship with the objective variable. Next, we checked the absolute value of t-ratio
to determine the degree of influence of the explanatory variables. The absolute value of
t-ratio showed that the total number of quiz attempts was 3.65, the average remaining
time until the deadline was 3.24, the total number of lecture videos viewed was 2.09, the
e-learning orientation dedication was 0.79, the e-learning orientation flexibility was 0.78,
the e-learning orientation solitude was 0.68, the e-learning orientation preference was 0.54,
the e-learning orientation monotony was 0.25, and total number of Moodle interactions
was 0.15. The order in which the total number of quiz attempts, the total number of quiz
attempts, and the total number of Moodle interactions affect the final exam score is shown
in Table 5. In particular, the total number of quiz attempts, the average remaining time
until the deadline, and the total number of lecture videos viewed were found to be highly
influential.

Table 5. The results of the multiple regression analysis.

Variable Coefficient Std Error t Ratio p Value Conf High Conf Low

(Intercept) 0.00 0.08 0.00 1.00 0.15 —0.15

The e-learning orientation dedication 0.08 0.11 0.79 0.43 0.29 —0.12

The e-learning orientation flexibility 0.08 0.10 0.78 0.44 0.26 —0.11

The e-learning orientation monotony 0.02 0.08 0.25 0.80 0.18 —0.14

The total number of Moodle interactions 0.03 0.17 0.15 0.88 0.37 —0.31
The total number of quiz attempts 0.48 0.13 3.65 0.00 0.74 0.22
The total number of lecture videos viewed 0.25 0.12 2.09 0.04 0.48 0.02

The e-learning orientation preference —0.06 0.11 —0.54 0.59 0.16 —0.27

The e-learning orientation solitude —0.05 0.08 —0.68 0.50 0.10 —0.21
The average remaining time until the 0.28 0.09 304 0.00 045 011

deadline

To evaluate the clustering results, precision, recall, and F-measure were computed for
pairs of participant data (e-learning orientation and Moodle usage, e-learning orientation
and learning planning, and Moodle usage and learning planning). E-learning orientation
and Moodle usage had an F-measure of 0.38; e-learning orientation and learning planning
had an F-measure of 0.26; Moodle usage and learning planning had an F-measure of 0.28;
e-learning orientation and learning planning had an F-measure of 0.27. Because these
values are small, the clusters are not similar to each other.

4. Discussion

The results of correlation analysis, principal component analysis, cluster analysis, and
multiple regression analysis showed that e-learning orientation has no significant effect on
learning outcomes. Correlation analysis, cluster analysis, and multiple regression analysis
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established that Moodle usage and learning planning have a significant impact on learning
outcomes. In other words, higher engagement with Moodle and planned learning, as
evidenced by the use of learning features such as videos and quizzes and the remaining
time until the deadline, corresponded to higher learning outcomes. We checked whether
the clusters of e-learning orientation and Moodle usage and learning plans matched each
other, but they did not.

Results of correlation analysis, principal component analysis, cluster analysis, and
multiple regression analysis showed no clear relationship between e-learning orientation
and learning outcomes. Additionally, there was no clear relationship between e-learning
orientation and Moodle usage or between e-learning orientation and learning planning.
Although specific statistics and p-values are shown in the results, these analyses did not
reveal a clear relationship. This result was not consistent with the initial prediction. The
results are also consistent with the results of the post-lecture questionnaire. In this study,
47.6% of the respondents preferred on-demand lectures to face-to-face lectures. There was
no difference in learning outcomes between students who preferred face-to-face lectures
and those who preferred on-demand lectures. The result was not consistent with the
prediction. Given that the questionnaires were administered in 2022, it can be assumed that
the participants were relatively acquainted with online lectures. Additionally, the previous
studies were likely conducted with individuals unfamiliar with computer-based activities.
The fact that the study participants belonged to the Department of Information Science
and Engineering within the Faculty of Engineering suggests their familiarity with ICT
technology, indicating their ability to adapt to e-learning, regardless of personal preferences.
This result suggests that not only e-learning orientation but also learner background
and characteristics should be considered. This can be considered from studies that have
examined continuous use intentions and learner characteristics in e-learning [33,34]. By
exploring the broader factors of Moodle usage and learning planning, this study expands
upon the existing knowledge and reveals their significance in shaping learning outcomes.
This broader perspective contributes to a more nuanced understanding of the variables
influencing e-learning effectiveness.

The results of our study indicate that while e-learning orientation may not directly
impact learning outcomes, Moodle usage and learning planning play crucial roles in
determining educational success. These results were consistent with the prediction. Cluster
analysis on Moodle usage and learning outcomes showed that, as predicted, the group
with the highest number of accesses performed better. Furthermore, the results showed
that taking the quiz had a more direct impact on learning outcomes than watching the
video, possibly because the quiz served as a confirmation of knowledge from session to
session. A detailed analysis of student behavior on Moodle showed that the number of
clicks and the degree of utilization of learning features were directly related to learning
outcomes. Specifically, the frequency of access to Moodle and the enthusiasm for activities
within it were strong predictors of improved learning outcomes. A closer look at the results
of the post-lecture questionnaire reveals that 67.1% of the respondents liked being able to
watch the videos over and over again, 32.9% liked being able to review them over and over,
and 19.5% liked being able to do so during gaps in time. These numbers indicate that the
flexibility of on-demand learning resources is a big draw for students. It is noteworthy that
there were students who watched videos and took quizzes only once. Further research is
needed to determine what factors influence the learning styles and backgrounds of these
students. Many students actively accessed the videos and quizzes repeatedly. In particular,
it was confirmed that some students tried to maximize their use of Moodle and enhance
their learning by repeatedly watching the videos and taking the quizzes many times. A
cluster analysis was conducted to delve deeper into the relationship between study plans
and learning outcomes. The results confirmed that the group of students who submitted
assignments close to the deadline had significantly lower grades than the other groups.
This suggests that students who use their time to study and submit assignments at the last
minute may not have sufficient time to review or may have a poor understanding of what
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they have learned. Students who submitted assignments during the timetabled lecture time
or completed them in their own time well before the deadline were significantly higher in
performance than the other groups who submitted them close to the deadline or during
lecture time. This strongly suggests that a thorough understanding of the content of the
study and a systematic approach to learning are factors that improve learning effectiveness.
Furthermore, a comparison was made with the results of the post-lecture questionnaire.
As a result, 51.2% of students felt that “I can manage my own schedule” was one of the
major advantages of on-demand lectures, and 72.0% of students answered, “I can study at
my own pace”. This confirms that the freedom and flexibility of on-demand lectures are
beneficial to students. However, it was also confirmed that a certain percentage of students
(24.4%) responded that they forgot the due date and time of assignments. This suggests
that the flexibility of on-demand lectures may be a barrier for some students to plan and
ensure adequate study time. Using multiple regression analysis to examine variables that
predict final exam scores, we found that the total number of lecture videos viewed, the
total number of quizzes attempted, and the average time remaining before the deadline
had a high impact on learning outcomes. Furthermore, it is conceivable that not only
these variables but also their interactions may influence learning outcomes, confirming
that looking at a single variable alone does not provide a complete picture. The results
of the multiple regression analysis were consistent with the considerations in the cluster
analysis, revealing a combination of multiple factors to maximize learning outcomes. These
results underscore the need to foster a supportive learning environment that promotes
positive engagement with online learning platforms and encourages effective learning
planning strategies. Interestingly, however, the clusters of Moodle usage and learning
planning did not perfectly match. A closer look reveals that some students experienced
a spike in access to Moodle just before exams. This indicates that some students tend to
study just before deadlines, and further research on the study behaviors and motivations
of these students is needed. While a previous study [29] reported that Moodle usage, as
addressed in this study, was not important when dealing with multiple factors, the number
of times students accessed Moodle, watched video commissions, and took quizzes were
also important factors in this study Moodle access, video committee viewings, and quiz
attempts were also important factors in this study.

To elevate the caliber of education and its ramifications, it is deemed pivotal for edu-
cators to allocate ample time for the formulation of meticulous pedagogical plans, such
as class management, lecture content planning, and lecture planning, which will improve
grading items and student satisfaction [35]. Adaptive teaching, in which instruction is tai-
lored to the student, has also received attention in recent years. Educators adaptively plan
student-centered and educator-centered phases, considering learning goals and student
needs and interests [36]. Vygotsky postulated an idiosyncratic theory of cognitive develop-
ment and learning mechanisms. He contended that students are bestowed the potentiality
to foster autonomy through the mechanism of ‘zones of proximal development’ or “scaffold-
ing,” thereby acquiring knowledge via collaborative interplay with educators and peers [37].
Expounding upon this viewpoint, he emphasized the necessity for learners to cultivate their
intellectual prowess and knowledge through social discourse with others [38]. Vygotsky’s
theoretical framework has extensively shaped contemporary educational methodologies,
particularly the notion of ‘learner-centric educational environments’ [39], which is oper-
ationalized in a pragmatic learning technique: computer-supported intentional learning
environments (CSILEs) [40]. CSILEs fashion a networked, interconnected learning milieu,
furnishing a platform for learners to engage proactively with educators and fellow learners
to facilitate independent learning. In this study, we provided on-demand lectures as part
of such an educational environment and observed their effectiveness. It became clear that
learners were not necessarily learning alone. Specifically, in a post-examination survey,
28.0% of students highlighted the benefits of collaborative learning. Additionally, students
communicated queries to their educators through survey forms and electronic correspon-
dence during the lecture period. This evidence implies that learners engaged in active
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dialogue with peers and educators during the on-demand lectures, thereby facilitating
autonomous learning.

This study contributes novel insights by examining the combined influence of e-
learning orientation, Moodle usage and learning planning on learning outcomes. Reference
is made to the retention rate of student learning in the data treated in this study. The regres-
sion equation for the number of clicks from week 1 to week 8 for all the data handled in this
study had a slope of 3.61 and an intercept of 165.40. This suggests that the subjects in this
study, as a whole, continued to attend the lecture from week 1 to week 8 without dropping
out in the middle of the course. The purpose of this lecture is to acquire knowledge. This
lecture was followed by an exercise course that required more applied skills. There was
a high correlation between the grades of this lecture and the grades of the later exercise
course. This suggests that the knowledge and experience of this lecture were utilized and
that the knowledge was retained. In previous studies, it has been analyzed as a single
factor. In this study, multiple factors were analyzed. The findings highlight the importance
of considering multiple factors in the realm of online learning and their collective impact
on educational outcomes. By encompassing these variables, this study provides a more
comprehensive understanding of the factors influencing learning outcomes in the context
of on-demand lectures.

This study has certain limitations that should be acknowledged. Firstly, the focus was
limited to on-demand lectures, and thus, the findings may not fully capture the intricacies
of other forms of e-learning. Additionally, the study sample consisted of participants from a
specific academic department, which might limit the generalizability of the results. Future
studies should consider a broader range of e-learning formats and diverse participant
populations to further validate and expand upon these findings.

In conclusion, our study demonstrates that while e-learning orientation alone may
not have a direct impact on learning outcomes, Moodle usage, and learning planning
significantly influence educational success in the context of on-demand lectures. These
findings hold important implications for educators and educational institutions. Educators
should promote active engagement with online learning platforms like Moodle, provide
necessary training and support, and emphasize the importance of effective learning plan-
ning strategies. By incorporating these factors, educational institutions can enhance the
quality of e-learning experiences and optimize learning outcomes for students.

5. Conclusions

In this study, we examined how e-learning orientation, Moodle usage, and learning
plans affect learning outcomes in on-demand lectures. The data from Moodle log data and
questionnaires were analyzed via correlation analysis, principal component analysis, cluster
analysis, and multiple regression analysis. The results showed that Moodle usage and
learning plans had a significant impact on learning outcomes. The results of the multiple
regression analysis revealed that access to learning features such as videos and quizzes, the
importance of time management in terms of average time remaining before deadlines, and
individual student characteristics emerged as strong contributors to learning outcomes.
This indicates that for students attending on-demand lectures, the key to improved learning
outcomes is not simply viewing the content but active engagement, planning, and an
approach to learning that includes appropriate time management and understanding of
their own characteristics. This is also an important suggestion for educators to focus on
these factors in the design of online educational content and learning environments.

The results of this study have identified several important implications. First, it
became clear that active Moodle usage is closely related to learning outcomes. In particular,
the intensity of activity and frequency of Moodle usage emerged as a powerful predictor
of learning outcomes. This indicates that effective use of educational tools improves the
quality of learning and underscores the importance for educators and learning platform
developers to provide features and support that encourage active learner use. Second, the
importance of learning planning was emphasized. Learning planning and appropriate
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responses to deadlines emerged as essential elements for improved learning outcomes.
This suggests the need to develop learners’ own autonomous learning skills and to support
them in planning their learning. In addition, we gained insight into the flexibility of on-
demand lectures and their dual nature. It became clear that while flexibility is attractive to
students, it can also be a barrier to learning for some students. This calls for a review of how
on-demand lectures are delivered and supported. We also gained a new appreciation for
the value of social interaction among learners. Learners do not learn in isolation but rather
through interaction and cooperation with others, which enhances learning effectiveness.
This demonstrates the importance of providing opportunities for communication and
cooperative learning among learners, even in an online education environment. Finally, the
need for a reassessment of e-learning orientation emerges. It became clear that learning
outcomes are heavily influenced not only by learner attitudes and preferences but also by
actual learning behaviors and approaches.

With the increase in e-learning in education and the need to effectively deploy on-
demand lectures, the results of this study are of great value. Educators and curriculum
designers can use the findings as a valuable reference when considering new policies and
strategies to maximize student learning outcomes.
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