Computer Systems Science & Engineering K Tech Science Press

DOI:10.32604/csse.2022.021927
Article

Developing Engagement in the Learning Management System Supported by
Learning Analytics

Suraya Hamid', Shahrul Nizam Ismail', Muzaffar Hamzah*" and Asad W. Malik®

"Department of Information System, Faculty of Computer Science and Information Technology, Universiti Malaya, Kuala Lumpur,
Malaysia
%Faculty of Computing and Informatics, Universiti Malaysia Sabah, Sabah, Malaysia
*Department of Computing, School of Electrical Engineering and Computer Science (SEECS), National University of Sciences and
Technology (NUST), Islamabad, Pakistan
*Corresponding Author: Muzaffar Hamzah. Email: muzaffar@ums.edu.my
Received: 19 July 2021; Accepted: 20 August 2021

Abstract: Learning analytics is an emerging technique of analysing student par-
ticipation and engagement. The recent COVID-19 pandemic has significantly
increased the role of learning management systems (LMSs). LMSs previously
only complemented face-to-face teaching, something which has not been possible
between 2019 to 2020. To date, the existing body of literature on LMSs has not
analysed learning in the context of the pandemic, where an LMS serves as the
only interface between students and instructors. Consequently, productive results
will remain elusive if the key factors that contribute towards engaging students in
learning are not first identified. Therefore, this study aimed to perform an exten-
sive literature review with which to design and develop a student engagement
model for holistic involvement in an LMS. The required data was collected from
an LMS that is currently utilised by a local Malaysian university. The model was
validated by a panel of experts as well as discussions with students. It is our hope
that the result of this study will help other institutions of higher learning determine
factors of low engagement in their respective LMSs.

Keywords: Engagement analysis; learning analytics; learning management
system; student engagement

1 Introduction

The current COVID-19 pandemic has seen many schools, colleges, and universities adopt online
learning. The world over, the education system first remained closed for a few months before eventually
transitioning to online learning. To the best of our knowledge, the World Health Organization (WHO)
does not advocate face-to-face education at the time of writing. Therefore, the important role that
Learning Management Systems (LMSs) play in education has increased by leaps and bounds. LMSs were
traditionally used to complement face-to-face learning whereby instructors would upload lecture-related
content, conduct quizzes, and facilitate assignment submissions only. However, the pandemic had driven
the adoption of LMSs for online learning and teaching with instructors conducting online classes and

This work is licensed under a Creative Commons Attribution 4.0 International License, which
@ @ permits unrestricted use, distribution, and reproduction in any medium, provided the original

work is properly cited.


mailto:muzaffar@ums.edu.my
http://dx.doi.org/10.32604/csse.2022.021927
http://dx.doi.org/10.32604/csse.2022.021927

336 CSSE, 2022, vol.42, no.1

trying other effective methods to engage with their students. As such, the implementation of technology in
the field of learning has evolved traditional learning perspectives. A platform for online learning, LMSs
create a virtual world that connects educators to learners thereby changing learning methods. Learning
analytics is the measurement, collection, and analysis of learner-related data in order to understand and
optimise learning. The main source of learner-related data analytics is trace data; a log that is derived
from the LMS or virtual learning environment (VLE). As the traditional method of learning has evolved
into a virtual learning system, the trace data that it produces can be derived from the electronic learning
platform. Although the diversification of traditional learning to online learning poses a challenge,
analysing learning data can bring the learning environment forward. This is because learning analytics
can not only identify the correlation between log data and student behaviour [1] but predict student
performance, drop-out rates, final marks and grades, as well as student retention in an LMS. It also serves
as an early warning system for university students throughout their studies [2]. Student engagement in
LMSs is an emerging research area that warrants further exploration. Therefore, this study used student
engagement in the LMS to predict student performance. One of the factors that affects student
engagement is the lack of communication and interaction with others which, in turn, affects student
behaviour. Engagement between lecturers and students is an important criterion in developing a healthy
relationship not only in a physical classroom but in the virtual learning environment as well. This is
because student responses during an activity can be indicative of their eagerness towards virtual learning
as well as increase their participation in the classroom [3]. However, many factors contribute towards a
lack of engagement in LMSs. Firat et al. [4] discuss the effects of LMSs on engagement, motivation, and
drop-out rates. Apart from learning achievements, the effect of support provided in LMSs should be
investigated as well. The effects of the social web, interaction, and academic achievement all add value to
the design and development of an effective engagement system. The existing student engagement model
[5] uses conceptual engagement profiles as an engagement indicator. According to [6], the online
behaviour engagement model on problem-solving does not focus on developing a holistic model for
student engagement. Therefore, there exists gaps in the research that require further exploration,
especially in the context of online learning during the COVID-19 pandemic. Based on a cluster analysis,
the existing system showed that the low engagement cluster had more members in the online activity [7]
than the institution anticipated [8]. An analysis of interactions between students, lecturers, systems, and
content will provide a detectable learning pattern [9]. However, interactive activities that are the most
effective do not yield many results [10]. A less than optimum usage of learning modules in an LMS
results in low engagement in association and correspondence between students and lecturers. Therefore,
this study developed a comprehensive model to increase student engagement for a superior learning
experience. The objectives of this research were to determine engagement factors that could be derived
from a new paradigm of participation during this COVID-19. The objectives of this research were as follows:

RO1: To determine the factors that lead to low engagement in LMSs.
RO2: To develop an engagement model for LMSs using learning analytics.

RO3: To validate the proposed engagement model.

2 Literature Review

Learning analytics is the measurement, collection, analysis, and reporting of data about learners and their
contexts in order to understand and enhance the experience. Institutions of higher learning continuously
gather student-related data. Furthermore, the availability of data analytics, online systems, and learning
ecosystems has resulted in large quantities of accessible data. The gathering of student-related data has
provided valuable insight into the learning activities of students [11]. Learning analytics uses data mining
techniques to process information and data sets with technology to deliver insights with which to develop
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the learning proficiency of students [12]. Furthermore, log data has been extensively used to predict scores
and student performance [2,13—15]. Learner engagement has also been used as an indicator of student
performance. Learning analytics serves a useful tool for predicting dropout rates as well as an early
warning system for students to avoid disciplinary actions for low scores [16,17]. Although academic
failure is endemic in every institution, early warning systems can predict student performance and prompt
universities to take action early to prevent students from failing by encouraging them to increase their
performance. Multiple studies have examined student satisfaction towards LMSs [3,13,18]. The literature
review indicated that students have a satisfactory acceptance of LMSs and VLEs. Furthermore, students
were also willing to use LMS platforms to aid their university studies. Therefore, student feedback could
be utilised to develop better online learning environments. Gasevi¢ et al. [19] found that learning
analytics helped educators develop empathetic learning, improved the lecturing process, predicted
learning results, supported intercessions, and aided decision-making. A study by Seidel et al. [20] on
student attrition found that communication strategies helped improve student retention and attrition.
Furthermore, Holmes [21] found that the introduction of weekly online tests increased student
engagement in the LMS. The application of learning analytics in Malaysia is still in its infancy. West
et al. [22] states that the adoption of learning analytics applications in Malaysia will take time to produce
results in comparison to Australia or other countries. A study by Taib et al. [23] that aimed to understand
pedagogy design approaches in the learning environment concluded that learning analytics in Malaysia
needed more exploration which can be done once the main issues of learning are first understood.

2.1 Student Engagement in LMS

AlJarrah et al. [24] provide comprehensive data on user interaction on Moodle LMS course pages. The
collected data was used to extrapolate student access outlines, and subsequently, associate it with student
performance. The study found that inept students simply postponed their studies as they simply gave up
or their efforts had come to an end. The authors then investigated the effect of altered training
methodologies on the learning behaviour, log information, and psychological burden of undergraduates.
You et al. [25] demonstrated that undergraduates who procrastinated ultimately had less than ideal long-
term maintenance or accomplishments. Additionally, submitting a task on time made a huge difference in
making progress in the course. The study affirmed the significance of time spent on the board. Therefore,
assessing student engagement on an LMS can enable the characterisation of a student’s work as well as
the management and ability of a student to interact with lecturers and other students. Three types of
interactions occur in an LMS; student-to-student, student-to-lecturer, and student-to-resource [26,27].
Pellas [28] found that self-regulation, environment quality, and learning strategies increase student
performance, student emotion (self-esteem-performance), and student behaviour (self-efficacy-motivation)
leading to self-motivation among students. Li et al. [29] found that student satisfaction level correlated
with the quality of teaching and the learning materials. Therefore, student satisfaction is as important as
the quality of the learning material. AlJarrah et al. [24] found that delayed access to materials caused
procrastination among students. Nguyen et al. [30] study found that the level of involvement was not
only influenced by the learning design but also by a balanced module and learning activities initiated by
the educator. LMSs provide undergraduates from all walks of life an opportunity to concentrate free of
impediments in a safe environment [31,32]. They can facilitate organising and managing course contents
[32,33], submitting assignments, providing feedback to students setting up groups, organising grades
[31], and assessing students [32].

3 Methods

The methods of this study included a combination of synthesising the literature review as well as data
analysis. This section discusses the technique that was used to analyse the log data. The results of which; the
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matrix of engagement; can be seen in Tab. 1. Engagement factors have also been determined alongside the
activities in an LMS.

3.1 Data Collection

The data for this study was collected from a public university in Malaysia through the Centre of
Information Technology. The dataset was referred to as the ‘University LMS’. The log data of one faculty
member’s account was also collected. The analysis was performed on a computer programming course.
The log data was collected from two consecutive sessions and analysed before comparing them. The total
size of the log data was about 14,856 rows from the first session and 38,725 rows from the second session.

3.2 Methodology and Analysis

In order to achieve the first research objective; to determine the factors that lead to low engagement in
LMSs; an extensive literature review was conducted to determine the factors of student engagement in LMSs.

1) Data Analysis Technique — To accomplish the second research objective—an engagement model for
LMSs using learning analytics—an initial engagement model was developed by combining the matrix of the
engagement factors and the data analysis. The data was analysed using SAS® Enterprise Miner™ 14.1
(SAS® EM™ 14.1). An experimental research was conducted to determine the significance of university
LMS activity before data exploration was used to analyse the log data. A decision model was then used
to determine the output of the engaged activity. The log data that was used contained information on
learner activity; such as engagement duration, participation in discussions and forums, assignment
submissions, and educator response times in the university’s LMS.

2) Research Validation — In order to achieve the third research objective; to validate the proposed
engagement model; three processes were carried out: 1. data validation, 2. expert validation, and 4. a
focus group. The data was partitioned into training and validation processes in SAS® EM™ 14,1,
An initial student engagement model was developed by analysing the engagement activities. The model
was then validated by a panel of experts that included lecturers and members of the faculty’s
administration followed by a focus group consisting of selected student to gauge the students’
perspective. This validation process assisted the development of the final student engagement model.

4 Results and Discussion

The results of the research objectives are discussed in this section. The outcome of the extensive
literature review was the engagement matrix. Two main techniques of data analysis; data exploration and
decision tree; were conducted using SAS® EM™ 14.1. As previously mentioned in the earlier section,
the data was cleaned and processed prior to data analysis.

4.1 Initial Engagement Model

In order to develop an engagement model for LMSs using learning analytics, an initial engagement
model was first developed by compiling the findings of our literature review. In summary, we found that
existing engagement models were not holistic as they did not illicit engagement from every type of user.
We also concluded that activities that led to higher engagement required a combination of content
sharing, viewing, and discussion.

Fig. 1 shows the initial engagement model for LMSs. As seen, different types of interaction between
three entities are required. 1. student-to-student (SS) interaction, 2. student-to-lecturer (SL) interaction,
and 3. student-to-resource (SR) interaction. The types of activities are represented by colour-coded
arrows; black for collaboration [4,34,35], red for content sharing [6,21,36-38], blue for viewing [39], and
green for discussion [21,40,41]. Furthermore, an entity needed to be involved in an activity in order to
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lead to engagement factors. The initial engagement model focused on four engagement factors: 1. motivation
[4,5,34,37,38], 2. procrastination [8,41], 3. satisfaction [36,42,43], and 4. assessment [5,6,21]. Every entity
had respective activities that produced specific engagement factors. SS interaction required two activities; 1.
collaboration (activity) lead to motivation (engagement factor) while content sharing (activity) lead to
assessment (engagement factor). SL interaction required three engagement factors; motivation,
procrastination, and satisfaction, with respective activities. Lastly, SR interaction required discussion
(activity) to lead to assessment (engagement factor), viewing (activity) to lead to procrastination
(engagement factor), and content sharing (activity) to lead to satisfaction (engagement factor). Therefore,
all these engagement factors suggest methods for better student engagement.

4.2 Engagement Matrix

The engagement matrix below explained research objective 1; to determine the factors that lead to low
engagement in LMSs. As previously mentioned, an extensive literature review was conducted to determine
factors of student engagement in LMSs. The activities that were classified, and which led to engagements
were collaboration, content sharing, viewing, and discussion. Furthermore, the four engagement factors
derived from the literature review were motivation, assessment, procrastination, and satisfaction.

Table 1: Matrix of engagement factors

Activities in LMS Engagement Factors

Motivation Assessment Procrastination Satisfaction

Collaboration [4,34,35] [30] [8,41] [43]
(Actively engaging with other students or
lecturers)

e Forums
¢ Group assignments

Content Sharing [35,36,38] [5,6,21] [25] [36,42,43]
(Submission and sharing activities)

o Sharing material

o Submissions

¢ Uploading and downloading

Viewing - - [39] -
(Viewing and exploring the module)

o View all
e Login & Logout

Discussion [5,34] [21,40] [41] [8,44]
(Discussions or arguments with another person
via conversation)

o Messages
o Communicative arguments
¢ Discussions
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Figure 1: Initial student engagement model

4.3 Data Exploration

Data exploration refers to an exploratory analysis of the data, the results of which serve as an indicator of
the data’s behaviour. Using the ‘Explore’ function in SAS® EM™ 14.1, the ‘Plot’ function was used to
explore the available data and produce a chart with which to analyse the log data. Fig. 2 depicts the how
often the options available in the assignment module were used while Fig. 3 illustrates the number of
times that the assignment module was used throughout a day. In this way, we were able to analyse the
amount of time that a student spent in the assignment module. As seen in the histogram, the number of
students who logged in to the assignment module increased at night. The frequency of log ins was at its
highest between 10.23 pm to 11.59 pm and 00.00 am to 01.36 am. This enabled us to conclude that
students tend to procrastinate, choosing to wait until the eleventh-hour of a submission period to tender

their assignments.
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Figure 2: The usage frequency of the assignment module during the 14/15 academic session
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Figure 3: The usage distribution throughout the day in the assignment module

A further analysis of the “‘upload’ option and its timestamp was conducted. Figs. 4 and 5 present the how
often the sub-options available in the upload option were used and the number of times that the upload option
was used throughout a day, respectively. As seen in Fig. 5, most of the assignments were uploaded after
9.35 pm and increased in frequency between 00.02 to 2.24 am. This finding supports the findings of the
assignment module, i.e., that the frequency of assignment uploads was at its highest at and after midnight
(Malaysian time).
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Figure 4: The usage frequency of the upload sub-options during the 13/14 academic session
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Figure 5: The usage distribution throughout the day in the upload module
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4.4 Decision Tree Model

Decision tree methodology is a powerful, predictive, and explanatory modelling tool. Not only is it very
easy to understand and visualise but building the tree is quite interactive. Decision trees have been used for
predictive purposes [16,20] and can also be used for data visualisation and classification [45]. Furthermore, it
can also be used to provide as well as support findings and identify the root cause of a subject or field of study
in question. The decision tree model of the assignment module below provides an overview of its usage
frequency. Fig. 6 depicts the decision tree of the usage frequency of the Programming 1 subject in the
assignment module during the 14/15 academic session. Usage was expressed in the form of percentages
as well as the total and time of actions. As seen, the percentage of uploads increased at <28800 or before
8 am. This was followed by >85813 or after 11.30 pm. This indicated that students tended to upload their
assignments after 11.30 pm and after midnight. Therefore, the engagement factor that could be derived
from this decision tree was that procrastination occurred in the LMS of the Programming 1 subject. Fig. 7
depicts the decision tree of the usage frequency of the Programming 1 subject in the assignment module
during the 13/14 academic session. Usage was expressed in the form of percentages as well as the total
and time of actions. As seen, the percentage of uploads increased at >85813 or after 11.30 pm. This
indicated that students tended to submit their assignments after 11.30 pm. Therefore, the engagement
factor that could be derived from this decision tree was that procrastination occurred in the LMS of the
Programming 1 subject.

28800 >=28800 and <57600 >=57600 and <85813 »=85813
Statistics | Train (%) Va"g:;m" Statistics | Train (%) Va"(‘;?)’w” Statistics | Train (%) Va"(‘jz)"m Statistics | Train (%) Va"(‘o’/?;w”
View | 9070 | 91.22 View | 9369 | 9374 view | 9232 | 9219 View | 8699 | 90.48
Upload | 813 | 7.23 Upload | 282 | 276 Upload | 583 | 6.44 Upload | 1138 | 476
Delete | 105 | 105

Figure 6: The usage frequency of the Programming 1 during the 14/15 academic session

4.5 Student Engagement Model

Determining the engagement factors was the first objective of this research. The model was developed
by combining the initial model, the engagement factors, and the data analysis. These were the engagement
factors involved in the LMS: LMS design, student-related procrastination, student-related motivation,
student-related satisfaction, and educator-related involvement. LMS design plays an important role as
students may find that the LMS is an interactive place for their study [36]. It also leads to student-related
satisfaction whereby the learning system, which is designed by the educator or lecturer, determines the
student engagement factor. Learning materials that support student involvement increases student-related
satisfaction [1]. The LMS environment also affects student-related satisfaction as a flexible environment
influences student engagement. Engagement within the LMS was low due to student-related
procrastination. Procrastination is the act of delaying or postponing the completion of a task [25]. The
amount of effort and time that students need to sacrificed to use the LMS is also a reason behind low
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engagement as students do not wish to spend more time in it [41]. When procrastination is the type of
learning strategy employed, while it may require students to interact with the LMS, the type of
engagement produced is inactive [46]. These untimely actions and simple delays in accessing LMS
material is the reason behind student-related procrastination [24]. Motivation is a student’s desire and
interest in participating in an activity. Student-related motivation depends on three reliant cognitive
dimensions: 1. self-regulation i.e., the quality of the learning strategies, 2. emotion i.e., self-esteem; and
3. self-efficacy i.e., student performance and behaviour which requires motivation [34]. Student-related
motivation influences participation in an LMS [39] which, in turn, influences the social environment to
develop mutual trust with the learning system and results in system engagement [35]. The involvement of
an educator in online learning design shows that commitment to an LMS seven-days-a-week does not
only substantially impact learning configuration but is also influenced by the educator’s insight and
wisdom over modular balance in their learning plans and exercises [30]. Integrating an LMS into
education shows that incorporating a constant e-assessment into a module increased the commitment of
undergraduates to that module [21]. Therefore, LMS-based assessments boost engagement if the educator
designs effective learning activities.

. T

<28800 >=28800 and <57600 >=57600 and <85813 >=85813
Statistics | Train (%) Va"(‘,f:;m" Statistics | Train (%) Va"(‘;f:’)m” Statistics | Train (%) Va"(‘:z;w” Statistics | Train (%) Va"(f/f)m”
View | 9898 | 9866 View | 9855 | 98.70 view | 97.39 | 97.00 View | 9608 | 9455
Upload | 061 | 045 Upload | 007 | 0.07 Upload | 037 | o047 Upload | 392 | 545
e | 040 | 028 e | 090 | 109

Figure 7: The usage frequency of the Programming 1 during the 13/14 academic session

Fig. 8 depicts the student engagement model which was the product of the initial engagement model and
the results of the data analysis. The entities of the interactions were derived from existing works. Student-to-
student (SS) interaction occurs when there is communication between the students in the LMS [26,27].
Student-to-lecturer (SL) interaction occurs when students engage with the lecturer or vice versa. Student-
to-resource (SR) interaction occurs when students interact directly with the system and its resources.
Activities that transpire in the LMS were divided into four categories: 1. collaboration i.e. actively
engaging with other students or lecturers, forum, or group assignments, 2. content sharing i.e. sharing
knowledge through assignments and discussions (sharing material, submissions, uploading, and
downloading), 3. viewing i.e., viewing or looking around the module by ‘viewing all’, logging in, and
logging out, and 4. discussions i.e., discussing or arguing with others through conversations; such as
‘messages and communicative’ arguments. An analysis of the data provided the factors that were merged
with the engagement matrix. These engagements were: motivation i.e., a student’s desire and interest to
participate in an activity [5,34], assessment i.e., learning evaluation by the lecturer(s) or the system
[21,40] procrastination i.e., the act of delaying or postponing something [8,41], and satisfaction i.e., what
the student wants from the LMS [36,42,43].
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4.6 Research Validation

Figure 8: Student engagement model in an LMS

This section discusses the validation process of this research. Three stages of validation were executed:
1. data validation where the result of the trained data sets was compared with that of the validated data sets, 2.
expert validation where a panel of experts was interviewed or answered a questionnaire, and 3. focus group to
validate the model from a student perspective. The ecosystem of the model was validated via an interview
with the panel of experts which included lecturers and members of the faculty’s administration. A focus
group was conducted using selected students to validate the model from the student perspective. After the
validation process, the model was modified to fit the results of the validation. Several items were
improvised from the previously developed student engagement model. The results of the data analysis
were validated by comparing the results of the final version of the model before subsequent validation by
the student engagement model. Tabs. 2 and 3 summarise the findings of the expert panel and the student

focus group, respectively.
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Table 2: A summary of the expert validated findings
Item Element Description Expert #
Terminology Content Sharing Change to ‘Submission’ EV2
Viewing Change to ‘View’ EV2, EV3
Interaction Student-to-Student (SS) Depends on the lecture design EV3
Student-to-Lecturer (SL) ¢ Experts agrees that there is EV2, EV3
lecturer involvement
o Educator design
Student-to-Resource The resource does not interact EV2,
(SR) with the student EV3, EV4
Engagement Activity Collaboration Forum needs to be in the EV2
discussion
Content Sharing Content sharing and not the EV2, EV1
activity
Viewing Through activity log EV1, EV3
Discussion Forums can be included under EV1,
discussion EV2, EV3
Engagement Factors Motivation Students want rewards EV3, EV4
Assessment There are assessments from EV3
lecturers
Procrastination Requires student perspective EV3
Satisfaction Requires student perspective EV3
Correlation between entity, Activities and Depends on the pedagogy and EV1,
activity, and engagement engagement factors design of the courses EV2, EV3
factors Student-to-Resource The resource does not interact EV3,EV4
(SR) with the student
Activities that contribute * Depends on the pedagogy EV3, EV4

to engagement factors ~ ® Activities that give rewards
may 1ncrease motivation to
engage
Control the engagement e Features of the LMS playsa  EvV2, EV3
factors in practice major part in the contribution
e Design of the LMS determines
the process
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Table 3: A summary of the focus group validated findings
Item Element Description Student
#
Interaction Student-to-Student (SS) o Students are forced to engage S2, S3
¢ Minimal cause of other means of
interaction
Student-to-Lecturer (SL) Material is recycled S1, S3
Lecturer is not engaging actively
Student-to-Resource (SR)  Depends on system’s design S2
Engagement Collaboration During e-learning week only S1, S5
Activity Content Sharing Student can only submit if they have to ~ S2, S3
submit
Viewing Notifications are not user-friendly S3, S4
Discussion Need to make it seamless S2
Engagement Motivation No motivation to participate S5
Factors Assessment Graded on the activity involved S3, S4
Procrastination Depends on due date S2, S5
Satisfaction Lack of student medium S2, S5
Student perspective Satisfied using the LMS Only used to download and upload content S4
on the LMS LMS motivates to learn Depends on the subject S1, S2
more
Tend to wait until the last  Yes, students like to wait until the last S1, S3,
minute to submit minute S4
Eager to view new course  New course content notification system S5, S4
content in the LMS requires improvement
Evaluation by lecturer Students are aware of the evaluation of S1, S2,
their participation in the LMS S5

Fig. 9 shows the validated student engagement model for the LMS. Several improvements have been
made to the model based on the validated research results. The description of what constitutes an
‘activity” was updated to ensure that the activity data derived from the LMS was legitimate. Although
‘entity’ was validated, SR interactions are one-way as the resources of an LMS does not interact with the
students. The four engagement factors were validated as a few factors required a student perspective
which was derived via the focus group session. The factors of motivation, procrastination, and
satisfaction were also validated from the student perspective as it involves students. With the objective of
developing a student engagement model that boosts student engagement in the LMS, the LMS design of
the lecturer was found to be the most important factor affecting student engagement. Fig. 9 shows the

final output of the validation process.



CSSE, 2022, vol.42, no.1 347

Entities Activities Factors

." .
@- ....... ?| Collaboration f-== === === R 4 Motivation
¢
~ - *q
- . @ e -
- .

Student-to-Student "~ o o

- i - . H

a” - Submission prrrmcce- - ' Assessment .

- AN 'y '
@ 7 [ / Yo R R B » Student Engagement

% . ’ e S . Ss & 4 5  EEE——— H

s ’ ~a .

. S 4 ]

Student-to-Lecturer . b View it ot £  Procrastination ‘
P L - 50 s : -

’ - . N

- ’

- g P 5
-~ "N
*‘ Discussion e - - - -4 “‘ Satisfaction

Student-to-Resource

Legends
----- ) 4 Collaboration
----- ) 2 Content sharing
----- ) 2 Viewing
| 4 Discussion
Entity Activity Factor
Student to Student Collaboration Motivation
Submission Assessment
Student to Lecturer | Collaboration Motivation
Submission Motivation and
Procrastination
Discussion Assessment and
Satisfaction
Student to Resource | View Procrastination
Submission Satisfaction

Figure 9: The validated student engagement model

5 Conclusion and Future Research

In conclusion, using learning analytics to develop a student engagement model is important in order to
support effective teaching and learning among institutions of higher learning. Our goal was to develop an
effective model that increased the quality of learning in higher education institutions. Malaysia has a
good prospect of implement learning analytics in all learning platforms as it can improve student
engagement and interaction. Learning analytics typically leverages the use of highly interactive learning
environments; such as tutorials, games, and simulations; to produce a rich stream of interesting data
visualisation patterns with which to determine behavioural trends among the youth. Furthermore,
institutions of higher learning only realised the importance of learning management systems (LMSs)
when they became more widely used during the COVID-19 pandemic. As such, online learning has
quickly become a hot topic. Based on the result of the analysis, institutions need to foster student-related
motivation, student-related satisfaction, procrastination, and assessment as they lead to student
engagement. Pedagogy planning needs to be more thorough in order to increase student engagement in
online classrooms as there are many distractions when students study from home. Furthermore, students
require more guidance to achieve online learning objectives during these trying times. Universities and
educational institutions can utilise the findings of this research to ensure the successful implementation of
learning analytics. Furthermore, using learning analytics to analyse student engagement and interaction
data will reveal the communication strength of an LMS. Stakeholders; such as lecturers, management,
and administration, can use the student engagement model as a guideline to increase the use of LMSs for
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the teaching and learning among Malaysian institutions of higher learning. The proposed model can also help
universities develop LMS sustainability by encouraging more student engagement as it is very helpful in
measuring student engagement. Nevertheless, this study is not without its limitations. As the data set used
in this analysis was collected from one public university in Malaysia, the findings of this study cannot be
generalised for other countries. Furthermore, this research only utilised three data analysis techniques to
determine engagement factors. Future studies may consider investigating other techniques that can be
useful in analysing the data. Thus, this requires further exploration. Additionally, future investigations
should consider using log data from when students first enter the university until they complete their
studies in order to accurately gauge their growth in learning. Lastly, the findings of this study could be
combined with the LMS data of another Malaysian university to determine the behaviour patterns of
Malaysian students.
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