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Abstract: This study aimed to identify factors influencing student engagement in online and blended
courses at one Australian regional university. It applied a data science approach to learning and
teaching data gathered from the learning management system used at this university. Data were
collected and analysed from 23 subjects, spanning over 5500 student enrolments and 406 lecturer
and tutor roles, over a five-year period. Based on a theoretical framework adapted from Community
of Inquiry (CoI) framework by Garrison et al. (2000), the data were segregated into three groups
for analysis: Student Engagement, Course Content and Teacher Input. The data analysis revealed a
positive correlation between Student Engagement and Teacher Input, and interestingly, a negative
correlation between Student Engagement and Course Content when a certain threshold was ex-
ceeded. The findings of the study offer useful suggestions for future course design, and pedagogical
approaches teachers can adopt to foster student engagement.

Keywords: learning analytics; higher education; student engagement; student retention; learning
management system (LMS)

1. Introduction

The past decade has seen a rapid growth in online learning offerings, especially in
higher education. The COVID-19 pandemic has pushed learning and teaching further into
the online space, even amongst the most traditional universities. While online learning
has demonstrated its potential in attracting students and in meeting their learning needs,
student engagement and retention has long been a challenge for universities [1]. Research
also highlights the need to investigate factors that hinder student engagement and lead to
attrition [2]. This study aims to form a preliminary understanding of the factors affecting
student engagement, using data collected from online and blended courses at one Aus-
tralian regional university. This paper applies a data science approach to data sets gathered
from the learning management system (LMS) adopted at this university. This research was
conducted with the assumption that LMSs offer rich learning and teaching data which can
reveal hidden patterns of student behaviour and engagement. Careful statistical analysis
of this data can help identify factors that help foster student engagement and retention,
and thereby to provide alerts on student disengagement and attrition, allowing early
intervention.
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2. Background
2.1. Learning Analytics—Definition and Application in Higher Education

Learning analytics have seen increased adoption in recent years. In this research,
we adopt the most commonly-cited definition of learning analytics proposed by Siemens
(2010, cited in [3]): “the measurement, collection, analysis and reporting of data about
learners and their contexts, for purposes of understanding and optimising learning and the
environments in which it occurs” (p. 1). Learning analytics is being increasingly used by
educational institutions to build predictive models on student outcomes, to identify at-risk
students, and to flag early warnings and need for interventions [4,5]. This present research
is such an exploration built on this recognition.

Learning analytics adoptions appear in different forms. Ferguson and Shum [6] pro-
posed the concept of social learning analytics, which identified learning as a knowledge
building process that occurs in a social and cultural setting. This concept provides a good
summary of the five learning analytics techniques commonly used: (1) social networks:
relationships of the networked individuals and the strength of those relationships; (2)
discourses: revealing quality of students’ dialogue and knowledge construction through
their language use and interactions; (3) content: tracking learner progress through student-
generated hashtag and categorising hashtag resources for each student; (4) dispositions:
using self-reporting tools to reveal students’ dispositions to their learning; and (5) contexts:
identifying relevant information for the context in which the student is constructing knowl-
edge. Points Three and Five can also be seen in Swenson [7]. All these techniques can be
observed in later learning analytic research conducted in the context of higher education in
Australia (for example, see [5,8]).

Applications of learning analytics have demonstrated positive outcomes in higher
education contexts. One widely recognised benefit is they enable educational institutions to
build models to predict students’ learning outcomes, especially to identify at-risk students
and to provide early warning so that interventions can be made [9]. For instance, learning
analytics has been employed in the University of Alabama in the U.S. to improve student
retention in the first and second years of their programs [10]. Australian universities are
using learning analytics technics to support student engagement and retention, for instance,
through exploration of help-seeking learner profiles [11], or using early alert systems to
identify potential student dropouts [5]. There is also research that combines longitudinal
data about learners and their learning from various sources to predict areas where these
learners are likely to be unsuccessful [4]. In addition to prediction of student performance,
learning analytics has demonstrated its ability to identify learners’ individual needs and
learning difficulties, which could inform flexible educational frameworks with customised
instructions for individual students [12]. When used appropriately, learning analytics
could lead to increased accountability at all levels of education [13].

In higher education, one major source of data is the LMSs. Recent increased adoption
and functionalities of LMSs have led to increased availability of learning and teaching data.
These institution-wide systems make available aggregated and heterogeneous datasets,
along with the ability to reveal hidden threads, trends and patterns through tracking infor-
mation flow [14]. Universities see the potential for these data to provide insights regarding
student experiences, interests, expectations and evaluation. In 2012 and 2013, the Office
of Learning and Teaching funded a seed grant and two strategic commissioned projects
focusing on the potential and challenges associated with learning analytics adoption in
higher education [15–17]. Colvin et al. [15] described learning analytics research as a poten-
tial “game changer”, and highlighted its potential to address core education challenges,
including student retention, academic performance, and learning and teaching quality.
Their project report, however, also revealed the need for a greater understanding of this
research field, and for the extension of capacity-building initiatives within universities [15].
This research was, therefore, designed in response to this call.
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2.2. Conceptual Framework Based on the Community of Inquiry (CoI) framework

This study uses a conceptual framework based on the Community of Inquiry (CoI)
framework by Garrison, Anderson, and Archer [18]. This is an established and comprehen-
sive theoretical framework relevant to online learning contexts [18]. We have chosen to base
the conceptual framework on this theory for its suitability in decoding and understanding
the LMS data collected, and in revealing student engagement patterns and its influencers
using these data sets.

The framework explains the interactions among three distinct types of presence
that are critical to positive learning experiences: cognitive, social and teaching presence.
Cognitive presence represents the ability of the learner to construct meaning through
sustained communication in the online learning environment. Social presence refers to
the learner’s ability to project their personal characteristics into the online community and
present themselves to other members as a real person. Teaching presence consists of the
design and facilitation of the learning experience. These three elements are described as
the “crucial prerequisites” for successful learning in higher education [18] (p. 87).

This project is particularly interested in the third type: teaching presence, and how the
lecturers’ and tutors’ teaching presence are influencing student engagement in the subjects
taught. Existing literature suggests that key functions in this domain include design of the
educational experience and the facilitation to support student learning [18]. Based on this
conceptual idea and the data available in this project, we have labelled these two functions
as Course Content (CC) and Teacher Input (TI). We looked for correlations between factors
in these categories, and factors that indicate Student Engagement (SE). The conceptual
framework developed based on the Community of Inquiry (CoI) framework is presented
in Figure 1. Overall, the project sought to answer the following two research questions:

• How is Course Content (CC) design influencing Student Engagement (SE) in online
and blended subjects at the target university?

• How is Teacher Input (TI) influencing Student Engagement (SE) in the chosen online
and blended subjects?

Figure 1. Conceptual framework based on the Community of Inquiry (CoI) framework [18].

3. Material and Methods
3.1. Data Collection and Participants

This research was conducted at one Australian regional university. The data collection
used purposive sampling. The university was purposefully selected due to its large student
population in online and blended courses. In 2019, this university had over 30,000 students,
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with majority (over half) of these students studying some parts of their courses in blended
and/or online modes. The central LMS is adopted across different disciplines at this
university.

Invitation to participate in this study was sent to subject coordinators in four dis-
ciplines. It was considered important to include data at different levels and disciplines,
therefore, the participants in this study also included subjects at undergraduate and post-
graduate levels, from both pure (education and humanities) and applied disciplines (en-
gineering, information and communications technology (ICT), and natural sciences) (see
Table 1). Responses were received from coordinators from 23 online and blended subjects.
These subjects had varying degrees of online involvement, ranging from pure online units,
within which all learning materials and communication are delivered or conducted online
through the LMS, to blended subjects that deliver materials online but with face-to-face
communication retained as the dominant teaching method. In this way, the data obtained
could capture the commonalities and distinctiveness of these various online courses.

Table 1. Numbers of subjects in four disciplines.

Disciplines Subjects

Education Subjects 1 to 6
Humanities Subjects 7 to 9

Engineering and ICT Subjects 10 to 14
Natural Sciences Subjects 15 to 23

The data sets covered over 5500 student enrolments and 406 lecturer and tutor roles. In
cases where the same student, lecturer or tutor is involved in multiple subjects or deliveries,
they were counted as separate enrolments or roles. All the included subjects were delivered
three to five times during the data collection period (five years), as any subjects delivered
only once or twice were not included in the data sets for analysis. This was considered
important as the research team hoped to see trends in delivery patterns in the subjects.

3.2. Data Preparation

Once the data sets were collected, they were prepared for analysis. There were three
steps for the data preparation. As the first step of this preparation, the data were grouped
into three subsets according to the conceptual framework adapted from the Community of
Inquiry (CoI) framework (Figure 1). These are explained below:

• Course Content (CC): This subset refers to the data around subject design. This data
set included items such as subject names, semesters of delivery, numbers of content
pieces, numbers of tasks required of students, numbers of assignments (dropboxes),
and numbers of tasks in the discussion board.

• Teacher Input (TI): This subset refers to the data set around lecturer and tutor involve-
ment. This data set included items such as numbers of content pieces visited by the
teacher(s), number of comments on student assignments, numbers of assignments
graded, numbers of logins to the LMS, and numbers of discussion posts authored.

• Student Engagement (SE): This subset refers to the data set around student engage-
ment. This data set included items such as numbers of content pieces read, time
spent on each item of content material, numbers of assignments submitted in drop-
boxes, numbers of quizzes completed, numbers of logins to the LMS, and numbers of
discussion posts created, replied to and read.

As the second step of the preparation, the data sets were converted into features
that are comparable. There were two types of features: number counts and rates. For
the number counts type, an example is a feature “Number of Content”, which refers to
the number of content pieces per subject per semester. For the rates type, an example
is a feature “Content Visit Rate”. This is calculated by the number of content pieces
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visited/number of content pieces. The actual features used in the different stages of data
analysis are explained in the data analysis section.

As the third step of the preparation, the data sets were cleaned to remove any anoma-
lies in data that might have caused ambiguity in the findings. There were four such
anomalies identified in the data sets:

‘Content Complete Rate’ feature in Student Engagement subset: This feature indicates
the proportion of content a student completed within the content required. It is computed
using (Number of content pieces completed/Number of contents required to be completed).
It was noticed that the ‘Content Complete Rate’ for some students in some subjects was
more than 1. This could be caused by the total number of content pieces being greater than
the number of content pieces required, as there are optional content as additional resources
provided to students. An example of this is shown in Figure 2. To handle such outliers, we
set their ‘Content Complete Rate’ as 1.

Figure 2. Number of content pieces completed vs. number of content pieces required in Subject 10.

‘Dropbox Submission Rate’ feature in Student Engagement subset: This is computed
using (Number of dropbox submissions/Number of dropboxes). Since there were some
students who submitted their assignments into the dropbox more than once for a particular
assignment, leading to their Dropbox Submission Rate being over 1, we set their dropbox
submission rate to 1.

‘Time in Content’ feature in Student Engagement subset: This indicates the amount
of time students spent in studying the content in a subject. While observing the values of
the ‘time in content’ feature, there were few values that were much higher. For example,
in Subject 10 in one of the semesters, the time spent by three students was about eight
times higher than other students in the unit (see Figure 3). The reason of this is unknown.
Although, since the LMS logs users out after they have been unactive for a period of time,
the time in content does not include idle time, which is a commonly seen noise in learning
analytics [19]. In such cases, algorithms (in this case modified Z-Scores) were applied to
remove the outliers.

‘Number of Logins’ feature in Student Engagement subset: This illustrates how many
times a student logged into the LMS for a subject. This number varies for different students
in the subject. To compare student engagement for a subject in different offerings, a median
value of all the students’ login counts for each unit is utilised for analysis.
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Figure 3. Time in content distribution for each student in Subject 10 in a given year.

3.3. Data Analysis

After the data preparation, data analysis was performed following a two-stage
approach.

Stage 1 involved descriptive analysis, which focused particularly on the impact of
changes made by the teaching team to the subjects over time. Some individual subjects, for
example, were offered in different study periods/semesters through the data collection
period. Since any changes in subject delivery might have an impact on students’ learning
and engagement, it is important to understand how the data changed across these different
timings of delivery.

Stage 2 involved the identification of correlations between the three data subsets,
in particular, relationships between Student Engagement (SE) and the other two factors:
Course Content (CC) and Teacher Input (TI).

4. Results and Findings

The section will first introduce results from the first stage of data analysis, which
involves mainly the descriptive analysis of data from the three data subsets: Course Content
(CC), Teacher Input (TI), and Student Engagement (SE). This part will introduce patterns
discovered from data in the different subjects involved that are related to these three factors.
It will then discuss results emerging from the second stage of data analysis, which reveals
correlations between the three data subsets.

4.1. Results from Stage 1: Descriptive Analysis
4.1.1. Observation of Course Content (CC) Design Per Subject over Time

We examined factors related to course content design for each of the subjects, including:
the number of content topics, assignments submitted and the number of discussion posts
in the discussion board. Examples of key features used are presented in Table 2.
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Table 2. Course Content (CC) Features.

Feature Name Description

Number of Content Number of content pieces per subject per semester.

Number of Content Required Number of content pieces required for students of
this subject per semester.

Number of Dropboxes Number of assignments per subject per semester.

Number of Grade Items Number of grade items for this subject.

Number of Discussion Posts
Number of posts from both students and teachers

(including lecturers and tutors) in the
discussion boards.

As an example, the observations on Subject 4 are shown in Figure 4. Data collected
from this online subject included its delivery during a five-year period, once per year.

Figure 4. Changes in course content in Subject 4 over five years.

Figure 4 shows that in Subject 4 the number of content materials kept increasing for
the first four years, peaked in Year 4 and then decreased slightly in Year 5. At the same
time, the number of grade items or the assignment did not follow the same trend. One
factor that could have contributed to the significant increase in content topics is that the
subject changed from a nine-week subject in Years 1–3 to a 12-week subject in Years 4 and
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5. In addition, and interestingly, the number of discussion posts followed a reverse trend
over time, that is, the numbers of posts increased from Year 1 to Year 2, and then decreased
gradually from Year 2 to Year 5. This trend was consistent with the overall decrease in the
number of enrolments in this subject over the observed period.

Overall, data related to course content from each subject were examined, with under-
lying reasons for the changes discussed within the research team. After all the 23 subjects
had been examined, the research team identified the following trends which were shared
across multiple subjects:

• Over half of the subjects (n = 14, 61%) continuously increased the number of course
content items over time. This indicates a constant updating of the content for most of
the subjects.

• Only a few subjects (n = 9, 39%) continuously increased the number of assignments
over time, while 10 subjects (40%) kept the number of assignments at the same level
over the years of delivery. It is important to note that the number of assignments is
calculated using the numbers of dropboxes, so it does not include assessments that
may have been conducted using other means, such as paper-based submissions or
in-class tests.

• A similar trend is observed in the number of grade items, where 10 subjects (40%)
increased the number of grade items over the years and 10 subjects (40%) kept grade
items at the same level over the years.

Overall, there was no clear correlation observed between course content pieces and
assignments/grade items across the subjects. We will discuss the correlation between
course content pieces and discussion posts in the following sections.

4.1.2. Observation of Teacher Input (TI) Per Subject over Time

This part analyses the observations of teacher engagement (including both lecturers
and tutors) with the course content and with students. These include: the number of
content topics visited by the lecturer and tutors, assignments (dropboxes) commented on,
and interactions in the form of discussion posts authored in the discussion board. Examples
of key features used here are presented in Table 3.

Table 3. Teacher Input (TI) Features.

Feature Name Description

Content Visit Rate Number of content visited/number of contents.

Discussion Post Authored Rate Number of discussion posts authored by the
teacher/total number of discussion posts.

Dropbox Commented Rate Number of comments from teachers/number of
student assignments submitted to dropboxes.

Number of Logins Number of logins to the LMS.

As an example, observations using Subject 3 are demonstrated in Figure 5. This is a
medium-sized (approx. 150 enrolments) blended subject which was taught over a three-
year period, once per year. The same lecturer led this subject over the observed period.

In Figure 5, the X axis shows the anonymised IDs of the teaching staff of Subject 3
over three years. For instance, LA stands for Lecturer A, and TA stands for Tutor A. The
features extracted for observations are those given in Table 3. The ‘Content Visit Rate’
reflects whether the content has been modified, updated or reviewed by the lecturer(s).
Other features indicate how the teachers, including the lecturers and tutors, interacted with
the content and students (through discussions and assignment feedback).
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Figure 5. Teachers’ input in Subject 3 over three years.

Figure 5 shows that the content visit rates of teachers fluctuate over time. Teacher
Input in terms of assignment (dropbox) comments and discussion posts authored is a
fraction of their content visit rates and they too fluctuate over time. There seems to be no
correlation between the teachers’ content visit rate and the assignment commenting or
discussion authoring rates. The overall time the same teacher spent on the system stayed
similar over time (as shown in the number of logins to the LMS).

Overall, data related to Teacher Input from each subject were examined, with underly-
ing reasons for the changes discussed within the research team. After all the 23 subjects
were looked at, the research team identified the following trends:

• There were seven subjects (30%) where teachers did not give any feedback on student
assignments, and eleven subjects (48%) where it seemed that only the lecturer actively
gave feedback on student assignments, but not the tutors.

• In nine subjects (39%) teachers did not use the discussion boards as one type of activity.
• The research team considered these two points interesting as these factors may have

impacted on students’ assignment completion and content completion rates. Therefore,
correlations between these factors were examined in the next step of data analysis.

4.1.3. Observation of Student Engagement (SE) Per Subject over Time

This part analyses the observations of Student Engagement (SE) per subject over
time. For the purpose of understanding student behaviour related to engagement, we sub-
divided the student data into three categories: engagement with unit content, discussions,
and assessment.

The unit content category refers to students’ general engagement with the unit content;
these included the amount of time students spent in the LMS, their number of logins to the
system, and their content completion rate.

The discussions category included observations of student involvement in the dis-
cussion board. These observations include the number of discussion posts they created
or read, and the number of times they replied to other students. It was particularly in-
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teresting to observe the proportion of students who showed no engagement at all in the
discussion board.

The assessment category included observations of student involvement related to
assessment tasks. These include students’ dropbox submission rates and the numbers of
quizzes attempted and completed.

Even though there are several features in each category, here we have focused mainly
on discussion board engagement of students as it can be studied independently. The
features related to discussions are explained in Table 4.

Table 4. Student Engagement (SE) features related to discussions.

Feature Name Description

Average Content Complete Rate Average number of content pieces completed by a
student/total number of content pieces in the subject.

Average Discussion Post Create Rate Average number of discussion posts created by a
student/total number of discussion posts.

Average Discussion Post Read Rate Average number of discussion posts read by a
student/total number of discussion posts.

Average Discussion Post Reply Rate Average number of discussion post replies by a
student/total number of discussion posts

Figure 6 gives an example of student engagement in discussion boards. This example
was taken from Subject 3, which did use discussion board, and the teachers, lecturers in
particular, supported students in the discussions (as seen in Figure 5).

Figure 6. Student engagement in Subject 3 over three years.
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As it appears in Figure 6, the average rates for discussion posts created, read and
replied remained similar over the years, with the average rates for discussion posts read
and replied increased slightly over this period. Students in this subject appeared to be more
active than most of the students in the other subjects. Across another nine of the 23 subjects,
only 20% of students created a discussion post or replied to one. In six of the 23 subjects, no
student engagement in discussion boards was observed. It is worth noting, however, that
some of these subjects did not adopt the discussion boards as a communication tool, and
some only used them as a supplementary tool to other forms of communication. Overall,
though, the observations show decreasing engagement with student activity in discussion
boards over time, and overall low student engagement in this space.

Student engagement patterns varied greatly in terms of the course content and teacher
input in the various subjects. It was difficult to generate convincing results by indepen-
dently observing the trend of student engagement activities in individual subjects, without
considering the issues of content design and teacher input. Thus, the trends in student
engagement per subject were examined together with the other two feature groups in the
second stage of analysis.

4.2. Results from Stage 2: Correlation between Student Engagement (SE) with Course Content
(CC) and Teacher Input (TI)

As our aim is to identify factors influential to student engagement, in this section we
investigated whether SE is correlated with CC and TI, and the nature of such relationships
if they exist. This part of the analysis was an extension of the examination of Student
Engagement (SE) features, as mentioned in the previous section. As dividing the features
into three categories provided a more systematic approach in understanding the data, this
latter part of analysis again used three groups of features corresponding to the categories
developed before. Examples of key features used here are presented in Table 5.

Table 5. Examples of features used in Stage 2 correlation analysis.

Categories Feature Name Description

Discussions

Average of Discussion Posts
Created Plus Replied

Number of discussion posts created
and replied by all students/number of

students enrolled in the unit.

Sum of Posts Authored by All
Instructors per Student

Sum of all discussion posts authored by
instructors/number of students

enrolled in the unit.

Average of Discussion
Posts Read

Number of discussion posts read by all
students/number of students enrolled

in the unit.

Assessment

Average of Dropbox
Submission Rate

Number of dropbox submissions by
student/number of dropboxes.

Sum of All Instructors
Comment Rate

Sum of all instructors’
comments/number of assignment

submissions.

As an example, the observations using Subject 1 are demonstrated in Figure 7. This is
a large (approx. 250 enrolments), blended subject which was taught over a five-year period,
once per year. The same lecturer taught this subject over the observed period. These char-
acteristics are considered typical of large-sized blended subjects in the education discipline.
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Figure 7. Teacher and student engagement vs. subject features for Subject 1 over five years.

Figure 7 shows that when interactions between students and teachers increase, stu-
dents’ content completion and assessment completion also increase. However, the same
trend is not observed between the number of content pieces in the subject and student or
teacher engagement, suggesting that there may be an optimum number of content pieces
beyond which the student engagement rate starts to fall.

When we considered features relevant to the three categories: Student Engagement
(SE), Course Content (CC) and Teacher Input (TI), across all the subjects, the following
trends started to emerge. Correlations between features along with the categories they
belong to are presented below.

• There appears to be a negative linear relationship between “Number of Content” (CC)
and students’ “Content Complete Rate” (SE), and it seems the number of content
pieces that can result in an optimum content complete rate of 50% is around 60. For
instance, in Subject 7 the numbers of content pieces were between 61 and 113 over
the years, with a 50% content completion rate. Subject 4 had content pieces ranging
from 8 to 18, the completion rates were 76% to 43%. In Subject 16, the numbers of
content pieces were between 83 to 230 over the years, and the completion rates were
38% to 20%.

• There appears to be a positive linear relationship between the “Content Complete Rate”
(SE) and the total number of discussion posts created and replied to (SE)-indicating
students tend to have more questions or discussions if they complete more content.
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• There appears to be a positive linear relationship between students’ number of logins
to the system (SE) and their “Time in Content” (SE)—indicating that the more the
students log in to the system, the more time they spent on the course content.

• There appears to be a negative linear relationship between the “Dropbox Submission
Rate” (SE) and the number of dropboxes (CC), indicating that the probability of stu-
dents completing assignment reduce as the number of assignments increase. Students’
dropbox submission rate was at the highest when the number of assignments is four.
A potential explanation for this observation is some subjects included assignment
extension request dropboxes, which would only be used by a small number of stu-
dents who required extensions. For instance, when Subject 10 increased the number
of dropboxes from four to eight, the Dropbox Submission Rate dropped from 79%
to 23%.

• There appears to be a positive linear relationship between the “Dropbox Submission
Rate” (SE) and the “Dropbox Comment Rate” (TI)—indicating that the more com-
ments there are from teachers, the higher the probability of students completing their
assignments.

• There appears to be a positive linear relationship between the “Sum of All Instructors
Comment Rate” (TI) and “Content Complete Rate” (SE), indicating that the more
comments are made by teachers, the higher the probability of students completing the
subject content.

5. Discussions

The data analysis was conducted with consideration of the Community of Inquiry
(CoI) framework by Garrison et al. [18], in particular the teaching presence element within
this framework. The data were divided into three groups: Course Content, Teacher Input
and Student Engagement. The inferences generated from the data observation and analysis
indicate several approaches which can help create a more positive student experience.
These approaches may be useful for future lecturers and course designers at universities.

From the course design viewpoint, the number of content pieces appeared to be an
important factor influencing student engagement. Although student engagement does
seem to increase with the content pieces provided through the LMS, when the number of
contact materials exceeded a certain number, student engagement stopped increasing. This
indicates that it is the relevance and quality of the content material that seem to positively
impact on student engagement, rather than the quantity. A large number of materials that
are not perceived as relevant may even decrease student engagement. The data indicate
that the optimum number of content pieces for a subject delivered in a regular 13-week
semester is 60 pieces, for which 50% of the students can be expected to complete the
content provided. This is revealed in its correlation with students’ content completion rates,
and with participation in discussion boards. It is important to note that this suggested
number is intended to be indicative, and should be considered in light of the specific
subject/teaching context, as some subjects may require a larger volume of materials due to
specific topic needs. In addition, the data indicate that approximately four assessments are
the optimal number in a subject, beyond which the submission rate starts to drop. When
setting up dropboxes, it is important to label assignment submission dropboxes differently
to the extension request dropbxes. This will help reveal clearer correlation between student
assignment completions and other engagement behaviour. This finding can be used to
inform course design, especially in online and blended subjects delivered with similar
teaching patterns as those examined in this study. Again, it is important to note that the
number of assessment items will also largely depend on the nature and needs of the subject,
and a larger number of assessment items may be necessary in other contexts.

From the pedagogical perspective, the positive impact of teacher presence on student
engagement is significant and obvious in the analysis results. In the subjects which are
demonstrating active discussions by the teachers (e.g., at least one post per student), as
many as 91% of the students were actively creating posts, indicating a significantly higher
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level of student engagement compared to the other units. Thus, despite that the level of
teacher input in the LMS was found to be low overall, with only 60% of the subjects having
some teacher engagement in the discussion boards, and most subjects having less than 50%
of students actively engaged in creating and replying to discussion posts, it was obvious
that teachers’ continued input is critical in maintaining students’ interest and engagement,
especially if discussion board participation is used as an important activity in the subject.
In addition, feedback from lecturers and tutors on students’ assignments is positively
correlated to both students’ assignment completion rate and their content completion rate.
A teacher comment rate of 90% was associated with an assignment/dropbox submission
rate of as high as 60% and a content completion rate of 1. Thus, teacher feedback on
assignments appears to be a critical influencer for student engagement and retention.

The findings of this research have both theoretical and practical implications. From a
theoretical aspect, this research has been a useful attempt in integrating the Community of
Inquiry (CoI) framework by Garrison et al. [18] with learning analytics approaches. The
Community of Inquiry (CoI) framework was considered as a highly suitable choice for the
theoretical framework supporting this study and guiding the data analysis. The findings
of this research confirm it is valid approach to use content design and teacher input as
two major factors of teaching presence. Although this research focused primarily on the
teaching presence component of the CoI framework, we see the potential of the learning
analytics methods used in supporting the other elements, in particular the social presence
component.

The findings of this research also offer practical recommendations to inform design
of future online and blended courses in higher education. They contribute to filling
the knowledge gaps indicated by previous research, both qualitative studies on student
engagement [20,21], and explorations on learning analytics adoptions to measure student
engagement [22–24]. The findings reassure the importance of teacher presence and input on
student engagement [20]. Existing research has gathered learners’ views on the significance
of lecturer input on their learning, through assessment feedback [25], and discussions [21].
This research further adds quantitative evidence on the impact of lecturers’ and tutors’
input on student engagement, especially in the discussion boards and through assessment
feedback. The findings in this research further confirm that it is the quality rather than the
quantity of the course content pieces that matters [26]. The revealed correlation between
the number of assessment tasks and student engagement also offers practical implications
to inform future online and blended course design at universities.

6. Limitations and Challenges

As might be expected due to the scale of this research project, it was affected by a
number of limitations and challenges. First, the quality of the data collected from the
different subjects was largely uneven, due to the significantly diverse subject design and
presentation modes between subjects and disciplines. The correlations identified are more
reliable with pure online and blended subjects that have used the LMS functions more
fully, for instance, those that used the discussion board as an important communication
channel, and placed all learning materials into the LMS. Using some factors as indicators of
student engagement may mean that we miss out other indicators which are not recorded
in the LMS, especially with blended subjects that have an add-on face-to-face teaching
component.

In addition, there are limitations in the quality of data generated by the LMS. Despite
the time required for data cleaning and preparation, the collected data sets only provided
summary information in some of the areas, rather than providing the raw data. For instance,
students’ usage of the LMS can be indicated by their time spent in the system, however,
there are risks in using the total length of time spent as the sole indicator for student
engagement [27]. Future research might also include the number of clicks performed by
users during different time periods in a day (e.g., dividing a day into four time periods),
which can provide more nuanced insights on their engagement patterns.
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Lastly, the data presented in this paper were behavioural in nature, and can only
indicate LMS users’ behaviour to a certain extent. Relevant literature highlights that
engagement is a multifaceted construct [28]. It is, therefore, of great importance to examine
this concept from multiple aspects, for instance, emotional [29], cultural [30], and cognitive
and social engagement [18,31], as well as student perceptions on their own engagement [32].
In addition, it is important to collect qualitative data, for instance, examining the content
of posts from discussion boards, which will provide clearer insights on students’ level of
understanding and knowledge gained in the subject.

7. Conclusions

This paper describes an exploration that is useful in examining influential factors to
student engagement, using LMS data. This research uses a data science driven approach.
Since many learning analytics research using LMS data focuses on individual units or
disciplines [33], this current research is a useful exploration in using LMS data to reveal
student engagement patterns in a broader context. Given the wide and easy accessibility
of LMS data at higher education institutions, and the potential of learning analytics to
handle large data sets, such methods may help enhance the ability of relevant studies in
this area to reveal students’ behaviour patterns. Similar approaches in LMS data analysis
and the discovered data-driven insights can be used or adapted by lecturers or learning and
teaching support units for the purpose of informing teaching practice and policy making.

Based on the reported research findings, and with consideration of the limitations and
challenges as discussed above, further research is being conducted to better incorporate
the other elements in the Community of Inquiry (CoI) framework [18]. This later stage
will aim to integrate learning analytics technics with the CoI survey, which is a qualita-
tive tool to measure student engagement. It is hoped that integrating both quantitative
and qualitative data will generate a more comprehensive picture, not only on student be-
havioural engagement patterns, but also on their cognitive understanding and knowledge
construction.
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