
University of Plymouth

PEARL https://pearl.plymouth.ac.uk

Faculty of Science and Engineering School of Engineering, Computing and Mathematics

2021-08-21

The Relationship Between Student

Engagement and Academic

Performance in Online Education

Kuzminykh, I

http://hdl.handle.net/10026.1/19860

10.1145/3485768.3485796

2021 5th International Conference on E-Society, E-Education and E-Technology

ACM

All content in PEARL is protected by copyright law. Author manuscripts are made available in accordance with

publisher policies. Please cite only the published version using the details provided on the item record or

document. In the absence of an open licence (e.g. Creative Commons), permissions for further reuse of content

should be sought from the publisher or author.



The Relationship Between Student Engagement and Academic
Performance in Online Education

Ievgeniia Kuzminykh∗
Department of Informatics, King’s

College London, UK

Bogdan Ghita
School of Engineering, Computing
and Mathematics, University of

Plymouth, UK

Hannan Xiao
Department of Informatics, King’s

College London, UK

ABSTRACT
In recent years, online education has become a mature, recognised,
and heavily used alternative for delivering higher education pro-
grammes. Beyond its benefits, online education faces a number
of challenges, some of which relate to its engagement and impact
on student performance. To support the ongoing research into the
complex relationships developed, this research investigated the
relationship between engagement and academic performance for
students that undertake standalone online programmes. The study
uses as input the module content engagement data, as collected
from an e-learning platform, including the number of content views,
forum posts, completed assignments, and watching of videos. The
study used Pearson correlation to evaluate the relationship between
learner engagement and academic performance. The analysis re-
vealed that the student engagement was positively correlated to the
student performance both for individual modules as well as across
the cohort. In addition, correlation between initial engagement with
individual subjects and the overall engagement was also strong,
indicating both variables lead to improved academic results.
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1 INTRODUCTION
Over the past years teaching methods have been subject to a dig-
ital transformation and a shift towards distance learning. The in-
teraction limitations and overall context of the COVID-19 global
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pandemic coerced the education system to adjust the traditional ap-
proaches for knowledge acquisition and the associated methods of
assessment. The various regional and national lockdowns required
universities to adapt their on-campus face-to-face programmes to
online delivery by implementing emergency remote teaching specif-
ically focused on lecture-based classes, with some considerations
for more active learning environment [16, 17]. Such changes, albeit
ad-hoc in nature, supported students in their knowledge journey,
making every effort to ensure that quality does not lose its value.

In the wider educational context, many universities have intro-
duced standalone online learning along with the traditional face-
to-face (on-campus mode) programmes, as an alternative provision
that adapted the didactic material for a flexible active learning
format with the availability of resources.

One of the underlying assumptions in education is that a high
level of engagement can affect the quality characteristics of ed-
ucation, which leads to higher academic performance, and in-
creased retention rates [10], as proven in a number of studies [1–
3, 5, 9, 14, 19, 20, 26] . Historically, such studies focused on the
analysis of on-campus student engagement. While their results
are valid, the challenges associated with maintaining student mo-
tivation and engagement are significantly higher in a full online
education environment. The basic requirement of keeping the stu-
dent’s attention is naturally enforced in a face-to-face environment,
which assumes direct interaction between the lecturer and the audi-
ence. With the emergence of standalone online programmes where
the flip class approach prevails, students are likely to commit their
diminishing attention, be subject to a number of distracting factors,
in an environment of greater emotional stress due to the lack of di-
rect connection and support of academic and technical on-campus
support [7, 21]. Subsequently, this raises additional concerns re-
lated to the relationship between student engagement and academic
achievement. In addition, metrics for determining student involve-
ment, such as attendance and physical abilities, which were the
de-facto indicators in face-to-face or passive methods of learning,
became ineffective [20], requiring a review of the ecosystem and
definition of new metrics.

A feature of the standalone online programmes is that they are
specially developed, taking into account minimal interaction with
the educator/instructor, full reliance on a self-explanatory training
content, and provision of unequivocal and precise instructions for
completing assignments, as well as ensuring remote availability of
practical environments [4]. To complete the learning experience,
teacher-led seminars and sessions are used for discussion purposes
only, aiming to resolve any questions relating to the learning jour-
ney, and sharing the difficulties faced by learners. In this context, the
teacher plays a mentoring role rather than a knowledge transmitter
role [8], providing for the functions of advising and consulting
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Figure 1: Module structure

information that guides learners throughout the knowledge field
[2, 13]. Another specific feature of this form of training is that stu-
dents consciously choose such programmes, knowing that they are
expected to process the material most of the time and placing them
in full control for acquiring the knowledge.

The purpose of this research is to evaluate the performance of
students enrolled in an on-line programme as well as analyse their
engagement and attainment data in order to determine whether
there is any correlation between the pattern of engagement with the
module materials and the marks awarded for the module. To narrow
down the scope of the analysis and ensure relative consistency, the
study will focus on a specific group, a set of cybersecurity modules.

The remainder of the paper is structured as follows: section
2 provides a brief description of the educational context for the
study, then section 3 follows with a concise overview of the ex-
isting research. Section 4 presents the methodology followed by
the research and section 5 provides the results and analysis, then
section 6 summarises the findings.

2 THE EDUCATIONAL CONTEXT
A core characteristic of typical online programmes is that each
subject is delivered in a block-based manner rather than running
along with other modules, as it is the case with face-to-face pro-
grammes. As a typical example, a face-to-face programme may be
delivering N modules (typically 2-3) in parallel during a period of
12 weeks, with 10 weeks allocated for teaching, one reading week,
and one revision week, with the students undertaking additional
exercising time in the small tutorial groups with teacher or teacher
assistant. In contrast, an online programme will be delivering each
of the N modules in a 12/N timeframe, with no reading week, no
exercising in small groups, and a very small time window (typically

3-4 days) between last lecture and the exam taken. Such a limited
timeline is stressful both for educators and students and, should the
students not maintain their attention on the respective subject, may
affect the quality of education, both teaching and learning. As a
result of such design, the students who have a limited interaction or
have a slower pace of progress, may not have the necessary time to
progress and, at least in the early stages, might show less academic
performance.

This study is based on a group of students undertaking a com-
puting MSc, delivered online, which includes a set of specialist
modules. Each module consists of six weeks of active learning, fol-
lowed by an examination. The structure of the module is showed
below in Figure 1. Each module includes a series of activities, such
as reading the provided web content, undertaking small practical
tasks, answering weekly quizzes, participating in the discussion on
forum and attending the weekly webinar with the instructor. All
these factors might be significant in tracking student engagement
for further investigation.

3 RELATEDWORKS
For the purpose of our study, we will focus exclusively on the
cognitive and behavioural engagement aspects of university stu-
dents. Analysis of the emotional dimension of the engagement is
beyond the purpose of the study. The cognitive dimension refers to
the students’ personal investment [1], as well as existing learning
approaches and self-regulatory strategies [3]. Behavioural engage-
ment refers to behavioural norms, such as attendance and involve-
ment, and would demonstrate the absence of disruptive or negative
behaviour [26].

When referring to the students’ engagement, we discuss the
active participation in learning through such activities as reading
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of the materials, completing assignments, questions and answers
in the forums, and watching the video materials.

Many research studies have shown a positive relation between
student engagement and academic performance with higher en-
gagement level associated with better grades [5, 10, 14]. Based on
their approach and analysis, there are several directions for investi-
gating student engagement. First, the studies that are devoted to
determining of levels of student engagement [22][11]. Oriogun in
[22] used student activities on the forum, expressed in the form of
questions and answers, suggestions and explicit complex solutions,
to determine their engagement levels. Kamath et al. [11] used pic-
ture recognition to measure student engagement. However, these
studies only focused on one of the metrics as forum posts or video
images did not consider other metrics. In addition, if the student
did not have a video picture, their level could not be determined.

Other authors have used complex metrics such as the number
of questions and answers on the forum and during live sessions,
the number of interactions with instructor, and the time spent on
the course to determine the engagement level of the students [24].
Similar metrics were used by the authors of [23] in their work, but
also took into account the number of content views and assignment
completion. However, the aim of these studies was to categorically
define the level of involvement (on a multi-level scale) but not to
study the effect of this level on academic performance.

The second direction of study is devoted to the influence of
student motivation on the resulting academic performance. The
authors in [28] concluded that the personal valuation of future
goals promote prioritisation in achieving these goals, which, in
turn, affects the engagement. On the same area of investigation,
Shell and Husman [25] concluded that students who relate school
subjects with the desired profession present superior cognitive
skills and greater engagement in learning objectives and tasks.
Ghazvini studied in [9] the relationship between academic self-
concept and academic performance, and verified that the first posi-
tively predicts general performance in literature and mathematics.
Similarly, the authors in [15] measured overall student engagement
and its influence on academic achievement. The results showed the
medium positive correlation between the facets of student engage-
ment (behavioral, emotional, and cognitive) and academic achieve-
ment. However, for the analysis, the authors used already existing
studies and their meta-data, and did not investigate any additional
or new data.

Another dimension of the studies in this field is focused on e-
learning. Among the latest research, the authors of [19] conducted
an experimental analysis of engagement using rule-based machine
learning algorithms and a number of identified metrics such as
confidence and lift. The set of engagement metrics used included
both frequency-related metrics and time spent on different tasks
of the second year undergraduate students. They also collected
data on exam scores, quizzes and assignments during the course.
Analysis showed that a positive correlation exists between students’
engagement level and their academic performance in a blended e-
learning environment.

Finally, a significant number of research studies focused on inves-
tigating impact of student engagement on the resulting academic
performance [5, 10, 14, 18]. The progress of academic performance
regarding the engagement across school years was investigated by

authors in [12] and they determined that students’ engagement
decreases as they progress from primary to secondary school and
then to university.

The majority of the prior research used methods for collect-
ing student engagement parameters inherent to the on-campus,
face-to-face education model, such as class attendance and post-
course survey. The authors in [14] investigated the relationship
between engagement and reading performance in school and con-
cluded that there was a positive correlation. Both [5] and [18] used
a questionnaire to measure student engagement and investigated
the relationship with academic achievement, although the latter
work was conducted for an e-learning platform. The results also
showed a positive correlation between student engagement (in-
teraction with e-learning environment in the second study) and
student performance.

As highlighted, the primary focus of the existing research has
been on-campus learning or a blended learning model. Moreover,
the papers that used the e-learning environment to identify rela-
tionships had limitations relating to their approach in measuring
the engagement factors.

This paper aims to strengthen the state of the art in the area
of student engagement and attainment by measuring students en-
gagement in an e-learning (Moodle) environment and correlating
it with their resulting academic performance. This investigation
demonstrates that reliable metrics can also be identified for online
learning environments for assessing engagement. In addition, this
study is exclusively focused on a standalone online program, with
its own specific characteristics described above.

4 METHODOLOGY
This study analyses the relationship between engagement and aca-
demic performance using as input the student interaction with
online materials; the relationship between the two factors is deter-
mined using Pearson correlation. As part of the study, the engage-
ment data and marks were anonymously collected for each student,
then statistical analysis was applied to determine the correlation
between the two. The overall steps of experiments are displayed in
Figure 2. Student names and ID will be removed during the data col-
lection phase; records associated with each student will be linked to
a random ID, generated at collection time, and therefore no names
or personal identification will be present in the resulting dataset.

4.1 Data Collection
The data was collected using embedded functionality of the Moo-
dle e-learning platform. We collected data from 139 students on
postgraduate level of an online programme on cybersecurity. The
data was collected on a daily basis. The following parameters have
been collected for measuring the engagement.

• Unique content web-page visits
• Repeated content web-page visits
• Posts on the Discussion forums
• Visits of web page with announcements
• Attempts in doing weekly quizzes
• Post-views of recorded webinars
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Figure 2: Data analysis methodology

Table 1: Results of correlation analysis between engagement and academic performance

Engagement Correlation p-value Confidence interval Samples

On network security module 0.57 0.001 [0.258;0.775] 29
On cryptography module 0.383 0.009 [0.101;0.608] 44

On security engineering module 0.62 3.56e-08 [0.443;0.75] 66
Initial engagement across all modules 0.343 3.617e-05 [0.187;0.482] 139
Overall engagement across all modules 0.419 2.86e-07 [0.271;0.547] 139

4.2 Data Extraction and Static Analysis
After raw data has been collected, we made the calculation of mean
values of engagement parameters per topic, week, and total after
the module completion and put it to the first dataset. The weekly
patterns were also investigated but this is out of the scope for this
study.

Similarly, the data related to the students final grades were sorted
to accomplish the analysis and formed a second dataset.

4.3 Correlation Function and P-value
To measure the relationship between two datasets the Pearson’s
linear correlation [27] was employed. The correlation coefficient,
r , determines both the strength and direction of the relationship
between the dependent and independent variables. The r values
range from -1.0 (strong negative correlation) to +1.0 (strong positive
correlation). For two datasets X and Y, and two variables x ∈ X
and y ∈ Y , when r = 0, there is no relationship between the
variables, where are the datasets. In addition, the p-value, p ∈ [0; 1]
determines the significance of the results in relation to the null
hypothesis, as it describes how likely it is that the data occurred by
random chance. The smaller the p-value, the stronger the evidence
that you should reject the null hypothesis; the typical threshold for
the p-value is 0.05.

5 RESULTS AND ANALYSIS
The analysis included a combined cohort of 139 postgraduate taught
students, undertaking threemodules over 126 days. The relationship
between engagement and performance focused on the correlation
across the three modules. The null hypothesis was that overall

engagement, calculated as the sum of engagement across all indi-
vidual elements for each student, has no relationship with the exam
mark for the respective student. Applying the Pearson correlation
across the entire dataset of 139 results, the resulting correlation
factor is 0.419, with a p value of 2.86e-07 and a confidence interval
of [0.271;0.547]. Table 1 below presents a summary of the results.
In can be concluded that, both for each module as well as across
the cohort, the overall engagement correlates with the exam mark.

While the overall engagement appears to be a good indicator for
the resulting mark, it is also interesting to investigate the relation-
ship between initial engagement and overall engagement. For this
study, we define initial engagement as the student interaction with
the content when first presented with it and during the week when
these materials were introduced to the students. As a follow-up
analysis, the overall engagement dataset was compared against the
immediate engagement, more specifically at the end of the respec-
tive week of delivery, having the null hypothesis that the two types
of engagement correlate. The resulting correlation factor was 0.831,
with a p-value of 2.2e-16 and a confidence interval of [0.771;0.876].
Given the strong correlation, the result suggests that the level of
initial engagement of the students was a good predictor for the
final level of engagement across all modules. Indeed, as shown in
Table 1, initial engagement also correlates with the exam mark

Finally, to complete the analysis, the two sets of results were
compared using cocor [6] in order to determine whether the two
correlations are statistically similar. Cocor uses a slightly different
approach for comparing sample sets, whereby the null hypothesis is
that the input sample sets are equal. The analysis, using Pearson and
Fillon’s z returned z=-1.680 and p-value=0.0929, which validates the
null hypothesis that the two correlations are equal. This indicates
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that, for the group of students analysed, monitoring the two types
of engagement leads to equivalent statistical results.

6 CONCLUSIONS
This study analysed the relationship between engagement and aca-
demic achievement for a group of postgraduate taught students.
The results demonstrates that, in an online education context, both
overall and initial engagement have an impact on academic per-
formance. In addition, for the analysed data samples, initial and
overall engagement are strongly correlated, indicating a consistent
pace of study across the duration of the module. This validates and
expands the conclusions of prior research, focused on face to face,
on-campus education, for online education.

A larger dataset may further strengthen the validity of the re-
sults, but a more relevant direction for future research is analysing
the pattern of study and investigating any additional factors and
metrics that influence academic performance. Amongst such fac-
tors, the student attitude, level of interest, and prior knowledge for
the specific subject are likely to be of interest and may lead to a
more complete picture of the student learning journey.
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