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Abstract: Prior education research has focused on using learning analytics to predict the academic
performance of Massive Online Learning Courses (MOOCs) and e- learning courses in universities.
There is limited research on online learning that has been transitioned from physical classes and
that has continued to use active learning approaches in an online environment. This study aims
to determine the variables affecting students’ academic performance for a computing course in
a research-intense university during the COVID-19 pandemic. Variables that are indicative of
self-regulated learning such as time management, frequency of accessing learning materials and
the Learning Management System (LMS), participation in assessment activities and discussions,
and the results of formative assessments were extracted from the LMS reports and log files to
predict the students’ total marks and final exam results. The findings revealed that good time
management and active participation are important for academic success. The results also supported
the model for the early prediction of summative assessment performance using formative assessment
results. Additionally, this study concludes that the gap in predictive power between formative
assessment results and online learning behaviors is small. This research is considered unique because
it demonstrates predictive models for students’ academic success for an institution that was forced to
transition from physical to online learning. It highlights the importance of self-regulated learning
behavior and formative assessments in the contemporary era.

Keywords: Learning Management System; academic performance prediction; summative
assessments; formative assessments; learning behavior

1. Introduction

Due to the unprecedented circumstances of the COVID-19 pandemic, universities
worldwide were forced to transition from physical to online learning to ensure that courses
could proceed during the pandemic. For many of the students, studying online was a new
learning experience [1–3]. Online learning requires discipline and self-regulation from
students, as they may easily feel demotivated and become stuck throughout the course [4].
This is because students face various issues in online learning, such as difficulties in using
learning technology, lack of communication, and lack of self-discipline [5]. However, the
obstacles from the technology aspect are not the main factors that affect students’ online
learning performance [6]. Rather, it is highly affected by student learning behaviors [6].
Due to the isolated environment associated with online classes, students can feel bored,
frustrated, and anxious [7], which erodes their persistence in online learning. Therefore,
students are required to have a higher level of self-regulation to prevent procrastination [8].
Furthermore, students who show self-regulation behaviors have the ability to set goals,
manage time effectively, exercise problem solving skills, and seek help when necessary [9].
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Hence, more self-regulated students tend to outperform those who are less self-regulated,
creating a significant difference in learning performance [10,11].

The main systems used in online learning are Learning Management Systems (LMS).
LMS have been used to support the teaching and learning process, as well as facilitate
the sharing of learning resources [12]. Some instructors adopt discussion forums, which
facilitate critical discussions and interaction among students [13]. With the deployment of
online systems, the vast amount of information collected autonomously is an insightful
source of data that supports the learning process [14]. Moreover, log files from the LMS
provide behavioral evidence for self-regulated learning [15]. Therefore, we could iden-
tify the real-time learning behaviors of the students in our study from these data using
learning analytics. Learning analytics makes use of data mining techniques in log files
to uncover patterns and provide insights into the learning and teaching process, which
supports decision making and predicts students’ learning success [16,17]. Consequently,
learning analytics enable the identification of successful and unsuccessful patterns among
students, so the course design can be adjusted to prevent the use of unsuccessful learning
resources [18]. As a result, institutions can ensure a better quality of online learning and
provide support to students in need [19].

2. Related Works

In recent years, studies have been conducted on online courses taught in higher ed-
ucation institutions to investigate the efficacy of learning analytics in building models
to predict students’ success based on learning behaviors. Similar methodologies have
been used by various researchers, where the variables were extracted from the LMS log
files for correlation analysis and the building of predictive models. Many of the variables
extracted from the log files reflect the students’ learning activities within the LMS, such as
“total clicks”, “access to course materials”, “timely assignment submission”, and “reading
content in the forum”. A study by You (2016) on a university’s e-learning course known as
“Introduction to Colors” evidently showed that students’ learning behaviors that positively
impact their academic performance include accessing materials according to schedule, com-
pleting assignments on time, frequent access to learning materials, and reading important
course information [4]. The study also concluded that regular study, total viewing time, late
submissions, proof of reading the course information, and midterm exam results are signifi-
cant predictors of the students’ final marks. Similarly, Soffer and Cohen (2019) studied four
e-learning courses from the fields of humanities, arts, and medicine and found that students
who completed a course had twice as many learning activities as non-completers, except
for writing in the forums [20]. Additionally, course discipline and assignment submissions
were significant in predicting a student’s course completion. Moreover, Soffer and Cohen’s
2019 study showed that high engagement in the course could increase the students’ success,
especially in terms of engagement with the learning materials, forum discussions, and
assignment submissions.

However, some studies show that LMS data could not be used effectively to predict
academic performance. A study by Conijn et al. (2016) attempted to create a generalized
model to predict academic performance across 17 blended-learning e-learning courses [21].
This study was data-driven and not explicitly based on theory. The results showed that
there was no fixed set of variables that could be used in various courses. Furthermore,
when student performance was predicted using course-specific models, the precision of the
prediction models varied from 8% to 37%, and the LMS data were insignificant in predicting
student academic performance due to the possibility of students using other online systems
in addition to the LMS for their studies. Similarly, Gašević et al.’s 2016 study on nine
different e-learning courses (Accounting, Communications, Computer Science, Economics,
Graphic Design, Marketing, Mathematics, Biology 1, and Biology 2) was carried out in an
aggregated and course-specific manner. The course-specific models showed that the relation
of the variables to the students’ performance had highly varying results. Furthermore,
researchers have pointed out that single course predictive models are generally effective in
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modeling students’ performances, and the models are not transferable to other courses [22].
The research results showed that a significant drop in accuracy was observed when a model
was used for another course. When a model was used for another course of the same degree
9% to 28% of accuracy was lost, while 22% to 25% of accuracy was lost when a model was
used for courses with similar LMS usage [22,23]. In the aggregated model, student success
was either underestimated or overestimated.

Most of the studies on predictive modeling in learning analytics were conducted
before the COVID-19 pandemic. Researchers mainly focused on the learning analytics of
Massive Online Learning Courses (MOOCs) and e-learning courses. The pandemic forced
universities to transition from physical classes to online classes. This forced transition has
provided an opportunity for universities to experiment with blended learning and online
learning possibilities [24]. Limited research has been conducted on online learning that has
transitioned from physical classes and continued to use active learning approaches. This
drove us to find out what factors could possibly affect students’ academic performance
during the pandemic. The adoption of learning analytics in the delivery of courses could
be a measure to ensure the quality of online education. The current study was conducted
on one computing course to determine the online learning behaviors of students who are
more tech-literate and who were less likely to face difficulties in using technology during
the COVID-19 pandemic. The main aim of this study was to further investigate whether
the models from previous studies were applicable for a single course with two cohorts of
students, which transitioned from physical classes to online classes and continued using an
active learning approach. The current study uses trace data from a single computing course
and studies the predictive power of several online behavior indicators. We map the different
learning-related actions in the log files into four different categories of self-regulated
learning behaviors. This was based on earlier related studies and data availability to
investigate the relationships between online learning behaviors and academic performance.
In addition, we also investigated the various formative assessments of a course and to what
extent such assessments are responsible for the variability in the summative assessment of
students. The main contribution of this study is to ascertain the significance of learning
variables, such as time management, frequency of access to learning material, frequency of
access to the LMS, active participation, and formative assessments, in predicting students’
academic performance.

3. Research Framework

Self-regulated learning plays a vital role in online learning as the failure to self-
regulate leads to negative effects on a student’s academic performance [25]. Previous
researchers have pointed out that self-regulated behaviors include timely responses to
course requirements, asking questions when required, regular access to course notices,
diligent study and review of the course content, and engaging in communication with
others [4]. Jovanovic et al. (2021) indicated that students who regularly contributed
to discussion forums were likely to have better academic achievement [26]. Therefore,
this study includes variables that are indicative of self-regulated learning based on the
literature and data availability. The variables are divided into four categories, as shown in
Figure 1. They are (1) time management, (2) frequency of accessing the learning materials,
(3) frequency of accessing the LMS, and (4) active participation. The first category, time
management, refers to timeliness in assessment submission, time spent on completing
each assignment, and timeliness in accessing learning and assessment materials. The next
category is the frequency of access to learning materials. For example, the number of
lecture and workshop materials accessed by students, as well as revisiting these materials.
The third category is the frequency of accessing the LMS, which measures each student’s
total number of clicks in the LMS and the average clicks per week. Lastly, the variables
in the active participation category reflect the students’ participation in discussions and
completion of assignments. The variables in these four categories are selected as effective
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in indicating student self-learning behaviors as they reflect the time and effort that students
invest during online learning.
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Figure 1. Research conceptual framework—predictors of students’ academic performance.

A study conducted by Figueroa-Canas and Sancho-Vinuesa (2021) showed that stu-
dents’ performance in formative quizzes was able to predict students’ final examination
performance in an online learning course [27]. Hence, the results from the formative
assessments were included in this study (Figure 1). The formative assessments include
assignments, mid-term tests, and weekly tutorial/laboratory assessments.

The theoretical framework of this study is to analyze the self-regulated learning
behaviors of computer science (CS) students who transitioned from physical to online
learning. The objective of this study is to identify any correlation of learning behaviors that
would influence student academic performance. Likewise, the correlation of the data from
in-semester assessments (also called formative assessments) with the final examination
performance (also called the summative assessment) was also analyzed, to measure the
feasibility of using formative assessments performance to predict students’ summative
assessment performance.

Research Questions

The research was conducted to study the statistical relationship between the variables
extracted from the LMS with the students’ academic performance in an online learning
setting during the COVID-19 pandemic. This study sample consists of a course undertaken
by two different cohorts that originated from the same institution and was based on the
same learning design (active learning). The course was of a small size (170 students on
average) which further contributes to the reduction in variability and differentiates the
course sample from those used in the literature (mostly courses with several hundred online
students). The study aims to identify which of these variables are statistically significant
in predicting student academic performance, and which formative assessments are early
predictors of performance in the summative assessment. Therefore, the study aims to
answer the following research questions:

RQ1. What are the independent learning behavior variables derived from the LMS logs
that are statistically significant in predicting students’ academic performance?
RQ2. Is performance in formative assessments statistically significant in predicting perfor-
mance in the summative assessment?

4. Materials and Methods
4.1. Overall Context

The data was generated from one undergraduate CS course taught at a university in
the 2020/21 and 2021/22 academic year during the COVID-19 pandemic. The course was
called Advanced Data Structures and Algorithms. The same instructors were involved
in teaching the two student cohorts. The course was a core unit involving programming
concepts and implementation where the students were required to learn the data structure
concept and coding together. The course reflected both the theory and implementation of a
computer science course. The course did not require any pre-requisites. Active learning
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was the general teaching approach for this course. The course was delivered face-to-face on
campus before the COVID-19 pandemic. During the pandemic, the course had a fixed time
schedule for students to attend online classes using the Zoom conferencing tool. Besides
the LMS, the lecturer was also authorized to use additional platforms such as Discord,
Slido, and Slack to facilitate the learning and teaching process. The characteristics of the
course are summarized in Table 1.

Table 1. A summary of the characteristics of the CS course for the two cohorts.

Characteristics Advanced Data Structures and Algorithms

Course duration 12 weeks
Year of study Third year

Enrolled students 340
No. of lectures 12

No. of workshops 11
Assignment marking rubric provided to students No

Assessment type In-semester assessments (40%)
Final examination (60%)

In-semester assessments (formative assessments) 3 individual assignments
(10% + 20% + 10%)

4.2. Context of Advanced Data Structures and Algorithms Course

This course was attended by 340 students from the Australia and Malaysia campuses.
A total of 12 lectures and 11 workshops were taught during the 12-week duration of
the course. One lecture material document and two workshop documents would be
uploaded to the LMS each week. Although the assessment criteria and learning materials
were identical, the methods of class delivery varied across the two campuses. On the
Australian campus, the students were required to attend one lecture and one workshop
each week. However, on the Malaysia campus, the students could watch lecture and
workshop recordings at their own pace and then voluntarily attend a discussion session
at the end of the week to seek clarification on any doubts. Throughout the semester, the
students were required to submit three individual assignments that constituted 40% of the
total marks. For the assignments, the students received only the assignment specifications
and not the marking rubric. Students were required to take a final examination with a
weight of 60%. A total of 26 variables were derived from the LMS log files.

4.3. Data Source

The data used in this research were ethically obtained with written requests to the
university human research ethics committee. The human research ethics committee of the
university approved and provided ethical clearance for this research in accordance with
the university regulations. The data was de-identified before processing during the study
to maintain anonymity and to ensure confidentiality. The raw data for the course were
collected from the LMS log files and processed individually to create the dataset. The raw
data consisted of the online learning activities, actions within the LMS, and information
associated with the actions, such as the timestamp, event, and components involved.
Besides the log files, the different assignment marks, the final examination marks, and the
total marks and grades were retrieved from the LMS grade report and from the lecturer.
All the data was de-identified before further processing.

Data cleaning was carried out on PySpark to remove invalid records and dupli-
cated values. It was followed by a data extraction process where an individual dataset of
each course was created by aggregating the raw data into the set of variables presented
in Table 2. The variables are defined as four categories of learning behavior indicator:
1. time-management related behavior/strategy, such as consistency of study and prepa-
ration; 2. the frequency of accessing the learning materials; 3. the frequency of accessing
the LMS; and 4. active participation. Some of the self-regulated learning behaviors, such
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as time management-related behavior, and marks for the different formative assessments
were included as new variables not previously studied.

To further elaborate on the different variables used in this research framework we
describe the variables used in the study in this section (as presented in Table 2). The
students completed three individual assignments for this course. Therefore, a total of
14 different variables were created as indicators for the time management category. The
variables are: submitted Assignment 1 on time; submitted Assignment 2 on time; submitted
Assignment 3 on time; time spent on Assignment 1; time spent on Assignment 2; time spent
on Assignment 3; accessed Assignment 1 specifications within 1 week of release; accessed
Assignment 2 specifications within 1 week of release; accessed Assignment 3 specifications
within 1 week of release; accessed Assignment 1 specifications within 24 h of the deadline;
accessed Assignment 2 specifications within 24 h of the deadline; accessed Assignment
3 specifications within 24 h of the deadline; number of lecture materials accessed on
time; number of workshop materials accessed on time. For the frequency of accessing the
learning materials category, four different variables were produced. They are: number
of lecture materials accessed; number of workshop materials accessed; lecture material
revisits; workshop material revisits. The total number of clicks in the LMS and the average
number of clicks in the LMS (two variables) were formed for the frequency of accessing
the LMS category. Lastly, six different variables were identified for the active participation
category. Those different variables are: submitted Assignment 1; submitted Assignment
2; submitted Assignment 3; writing content in the forum; reading content in the forum;
and forum access. The values allocated for each variable for all the different categories are
described in Table 2. For instance, for the time management category variable “submitted
Assignment 1 on time” (as shown in Table 3) a value of 1 is allocated provided the student
submitted Assignment 1 before the deadline. Otherwise, the variable is allocated a value
of 0.

4.4. Data Analysis

To investigate the research questions, correlation and multiple regression analyses
were performed to identify the significant predictors. A significance level of 0.05 was used
for the hypothesis testing.
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Table 2. Overview of the learning behavior variables used in the study.

Category Variable Name Description Example

Time management

On time submission of
each assignment

Recorded as 1 if the student submitted the assignment before the
deadline. Else, it will be recorded as 0

If a student submits the assignment 2 h before the deadline, the entry will be recorded as 1.
If a student submits the assignment immediately after the deadline, the entry will be
recorded as 0.

Time spent on assignment
The duration between the student’s first access to the assignment
specifications and the assignment submission, which provides a rough
estimate of the time used by the student to complete the assignment.

The duration will be expressed in minutes. If a student spent 4 days between his/her first
access to the assignment specifications and the time of submission, the entry will be
recorded as 5760 min.

Accessed assignment
specifications within 1
week of release

Recorded as 1 if the student accessed the assignment specifications at
least once within 1 week of release. If not, it will be recorded as 0.

If a student accessed Assignment 1 specifications on the 2nd day after release, the entry
will be recorded as 1.
If the student does not access the materials at all, the entry will be 0.

Accessed assignment
specifications within 24 h
of the deadline

Recorded as 1 if the student accessed the assignment specifications at
least once within 24 h of the due date. If not, it will be recorded as 0.

If a student accessed the assignment specifications 1 day before the assignment deadline,
the entry will be 1.
If the student does not access the material at all by 24 h before the deadline, the entry will
be 0.

Number of lecture
materials accessed on time

The total number of weeks before the lecture began that a student
accessed the lecture materials.

If a student accessed the lecture materials for 5 weeks prior to the lecture, the entry will
be recorded as 5.
For n number of on-time access to the lecture materials, the entry will be n.

Number of workshop
materials accessed on time

The total number of weeks before the workshops/tutorial commenced
that a student accessed the workshop or tutorial materials.

If a student accessed workshop materials for 3 weeks prior to the workshop, the entry
will be recorded as 3.
For n number of on-time access to the workshop materials, the entry will be n.

Frequency of
accessing the
learning materials

Number of lecture
materials accessed

The total number of lecture materials accessed, according to the lecture
materials uploaded.

If a student accessed 5 out of the 12 lecture materials uploaded, the entry will be 5.
For n number of access to the lecture materials, the entry will be n.

Number of workshop
materials accessed

The total number of workshop materials accessed, according to the
workshop materials uploaded.

If a student accessed 5 out of the 12 workshop materials uploaded, the entry will be 5.
For n number of access to the workshop materials, the entry will be n.

Lecture material revisits The total number of times a student has re-visited the lecture material. If a student has accessed an item of lecture material 8 times, the entry will be 7.
n − 1 of total visits will be recorded, with n > 1.

Workshop material revisits The total number of times a student has re-visited the workshop material. If a student has accessed an item of workshop material 8 times, the entry will be 7.
n − 1 of total visits will be recorded, with n > 1.

Frequency of
accessing the LMS

Total number of clicks in
the LMS

The total number of clicks within the course’s LMS page, which includes
content viewing, link clicks, document downloads, assignment
submissions, and content posting.

If a student has 280 clicks in the LMS, the entry will be 280.
For n number of clicks in the LMS, the entry will be n.

Average number of clicks
in the LMS

The average number of clicks by the student in 1 week in the course LMS,
which reflects active participation in the course.

If a student has 280 clicks per week over a duration of 12 weeks, the entry will be 23.3.
For n number of clicks in the LMS, the entry will be n/number of weeks.
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Table 2. Cont.

Category Variable Name Description Example

Active
participation

Assignment submission
Recorded as 1 or 0. If the student submits the assignment, it will be
recorded as 1, regardless of being on time or late. If not, it will be
recorded as 0.

If a student submits Assignment 1 late by 2 days, the entry will be 1.
If a student does not submit an assignment at all, the entry will be 0.

Writing content in the
forum posts or comments

The total number of posts and comments a student has created in
the forum.

If 3 posts and 5 comments are created by the student, the entry will be recorded as 8.
For n posts created and m comments posted in the forum, the entry will be n + m.

Reading content in
the forum

The total number of posts and comments read by the student in
the forum.

If a student has read 5 topics in the forum, the entry will be recorded as 5.
For n topics read in the forum, the entry will be n.

Forum access The total number of times the student has accessed the forum to perform
read or write actions.

If a student has accessed the forum 50 times, the entry will be recorded as 50.
For n number of accesses to the forum, the entry will be n.
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Table 3. Correlation analysis of the learning behavior variables and the total marks for the Advanced
Data Structures and Algorithms course (n = 340); only significant variables are presented.

Category Variable Name Correlation (r)

Time management

Number of lecture materials accessed on time
Number of workshop materials accessed on time
Submitted Assignment 1 on time
Submitted Assignment 2 on time
Assignment 3 submitted on time
Accessed Assignment 1 specifications within 1 week of release
Accessed Assignment 3 specifications within 1 week of release
Accessed Assignment 2 specifications within 24 h of deadline
Accessed Assignment 3 specifications within 24 h of deadline
Time spent on Assignment 2
Time spent on Assignment 3

0.322
0.153
0.182
0.336
0.273
0.180
0.189
0.218
0.133
0.216
0.254

Frequency of accessing the
learning materials Number of workshop materials accessed 0.188

Frequency of accessing the LMS Total number of clicks in the LMS
Average number of clicks per week in the LMS

0.121
0.121

Active participation Writing content in the forum 0.205
Submitted Assignment 1 0.238
Submitted Assignment 3 0.231

5. Results and Discussion
5.1. Correlation and Regression Analysis between the Learning Behavior Variables and the
Total Marks

Referring to Table 3, 17 (out of a total of 26) learning behavior variables were found to
be weakly positively correlated with the total marks (the correlation coefficients ranged
from 0.121 to 0.336). These significant learning behavior variables were further analyzed
with a multiple regression analysis. The results of the multiple regression analysis are
presented in Table 4. Six learning behavior variables—submitted Assignment 2 on time
(regression coefficient, 7.44); submitted Assignment 3 on time (regression coefficient, 4.39);
lecture materials accessed on time (regression coefficient, 1.81); submitted Assignment 1
(regression coefficient, 20.41); submitted Assignment 3 (regression coefficient, 23.56); and
writing content in the forum (regression coefficient, 0.42)—were significant predictors of
students’ academic performance (F = 22.57, Sig = 0.000). The results suggest that students
who had good time management and actively participated in assessments and writing
content on the forum tended to have higher total marks. The results reveal that some of
the self-regulated learning behavior variables defined in this study adequately predict
students’ academic performance for the CS course. These results confirm the research
findings reported in the literature [4,26]. The predictive model explained around 29% of
the variability in the students’ total marks. This may be attributed to the fact that we were
not able to record the students’ interaction with other systems.

Table 4. Multiple regression analysis of the variables of learning behaviors with the total marks for the
Advanced Data Structures and Algorithms course (n = 340); only significant variables are presented.

Category Predictors Unstandardized Beta R Square Significance

Time management
Submitted Assignment 2 on time 7.44

0.29

0.000
Submitted Assignment 3 on time 4.39 0.010
Lecture materials accessed on time 1.81 0.000

Active participation
Submitted Assignment 1 20.41 0.000
Submitted Assignment 3 23.56 0.000
Writing content in the forum 0.42 0.005
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5.2. Correlation and Regression Analysis between the Formative Assessments Marks and the Final
Examination Marks

The Advanced Data Structures and Algorithms course had three individual assign-
ments as the formative assessments, and one final examination as the summative assess-
ment. The results of the correlation analysis showed the three formative assessments
marks and the final examination marks were found to be weakly or moderately positively
correlated (the correlation coefficients are 0.275 to 0.435 as presented in Table 5). The
results of the multiple regression analysis are presented in Table 6. Assignment 1 marks,
Assignment 2 marks, and Assignment 3 marks are the significant predictors of the final ex-
amination marks (the regression coefficients are 1.16, 0.63, and 0.63, respectively, (F = 37.12,
Sig = 0.000)). The results indicate that those students who scored highly in the assignments
tended to have better results in the final examination. These findings suggest that the early
prediction models using performance in formative assessments to predict performance in a
summative assessment are applicable to the examined course. These findings are consistent
with the findings reported in the literature [27]. The predictive model explained around
25% of the variability in the students’ examination marks. This may be attributed to the
fact that we were not able to capture the difficulty levels of the assessments.

Table 5. Correlation analysis of the marks for the formative assessments and the final examination
marks for the Advanced Data Structures and Algorithms course (n = 340); only significant variables
are presented.

Variable Name Correlation (r) Significance (p Value)

Assignment 1 marks 0.435 0.000
Assignment 2 marks 0.414 0.000
Assignment 3 marks 0.275 0.000

Table 6. Multiple regression analysis of the formative assessment marks with the final examination
marks for the Advanced Data Structures and Algorithms course (n=340); only significant variables
are presented.

Predictors Unstandardized Beta R Square Significance

Assignment 1 marks 1.16 0.000
Assignment 2 marks 0.63 0.25 0.000
Assignment 3 marks 0.63 0.029

Comparing the statistical results for research questions 1 and 2, it was found that both
models had a very close predictive power, with a variance of 29% and 25%, respectively.
The results suggest that both models are strong predictors of the respective final marks and
the examination marks.

The result of the analysis provides an insight into continuing research utilizing ma-
chine learning techniques to predict student academic performance. More samples are
required to run the machine learning technique to produce an artificial intelligence-based
predictive model in the future.

6. Conclusions

Universities were forced to transition from physical to online learning to ensure
that learning could continue during the pandemic. The study focuses on ascertaining
the variables affecting students’ academic performance for one computing course. The
findings show that good time management and active participation are important factors
for academic success. In addition, the results of formative assessments could be predictors
of summative assessment. These findings suggest that lecturers could predict final course
performance based on formative assessments and online learning behaviors during the
course. Therefore, lecturers could provide adequate interventions and feedback to students
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for the duration of the course. These results support the research findings reported in the
literature [4,26,27]. The present study highlights that the gap in predictive power between
formative assessment results and online learning behaviors for academic success is small.
These findings suggest that lecturers can monitor students’ progress easily by acquiring
insights from the results of formative assessments or online learning behaviors such as time
management and active participation.

The findings of this study have several implications. First, this study contributes to the
identification of more relevant self-regulated learning measures from LMS log files apart
from the measures given in the literature. The results confirm the benefits of analyzing
LMS data during a course. Second, the present study clearly shows the significance of
self-regulated learning in academic success. Accessing course material on time, submitting
assessments on time, and active participation are significant indicators, which highlight
the quality of learning behaviors instead of the quantity of learning. Therefore, students
need to manage their time to keep up and engage in their learning. Finally, the extraction
and aggregation of significant indicators from the students’ learning behavioral data
and formative assessments results and the consistency of the derived prediction models
are valuable for lecturers. These could allow lecturers to understand students’ learning
progress and subsequently provide remedial feedback during the course. As such, the
development of an informative dashboard with the required details in the LMS could make
the monitoring process relatively easy.

We identified several limitations. First, the course examined was previously based
on the face-to-face on-campus model. Since this study only had data from the online
component of the course which resided in the LMS, the current study was unable to account
for the online behavior of the students in other systems, the students’ prior knowledge
of the course, the students’ perception of the course, and the interest of the students in
the course. Thus, this study might have missed some important predictors. Second, a
qualitative research approach could have been incorporated in the study to further explain
the possible reasons for the correlation and predictors identified.

As future work, other factors can be included as new variables, such as students’ prior
knowledge about the course, students’ perception of the course, and students’ interest in
predicting their academic performance. A multi-group analysis could also be conducted
to further investigate how the predictors differ between different students with different
interests, prior knowledge, and perceptions.
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