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This project aims to better understand the relationship among online engagement indicators, continuous assessment
marks and personal factors in predicting student performance in final exams.
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| 1. Background

Technology has been increasingly used and applied in many aspects of science. The new era of the digitalised world has
also affected higher education. As social media have developed, virtual learning environments (VLES) have been
designed to create an online space for student learning and development. VLEs enable students to access learning
resources remotely, such as lecture notes, videos, or quizzes for self-assessment to test learner’s understanding. They
also provide discussion forums to enable asynchronous interactions between peers and teachers . The online teaching
and learning environment has not only changed the student learning experience, but has also facilitated teaching for
educators. Further, it has opened the door for transnational education to evolve. High-ranking universities with campuses
in different geographic locations now rely on VLE technology to deliver teaching remotely [&. The VLE infrastructure is not
limited to the teacher student interface. Analytics of student interaction with the VLE content can now be used to indirectly
track and follow a student’s learning experience .

VLEs with multiple functionalities and tools have been used to monitor student engagement and interaction with content
and different learning resources. According to Kuh, “Student Engagement is the extent to which (students) take part in
educationally effective practices” 4. In addition, the National Survey of Student Engagement was established in 1999 to
reflect on the role of engagement in student learning and development . Student engagement has been shown to be a
key parameter for better learning experiences and higher academic attainment B, Furthermore, engagement has been
shown to be even more important when part or all of a degree is delivered remotely. However, remote teaching is a
dichotomy of the opportunities that come with the endless capabilities of the online teaching environment and the
disadvantages that come with the learning process being reliant on student self-esteem, motivation and engagement 8.
Although students studying at distance in transnational education are offered a range of remote activities that enable
student self-assessment &, further support is needed to help students understand their own performance compared to a
more defined success scale set up by educators themselves 29, Therefore, if poorly engaging students can be identified
before final summative assessments, educators would then be able to take an essential preventive approach to support
students (19,

Canvas is an example of a top-ranked VLE and is used by Queen’s University Belfast (QUB) in the delivery of both
undergraduate and postgraduate teaching 1. Canvas provides a friendly learning environment for both teachers and
students. It enables educators to merge videos, voice recordings, written texts, images, quizzes, and discussions in any
educationally suitable manner they wish. Lectures can be structured as webpages with multiple sorts of information and
these pages can be linked to quizzes or discussions 2. For students, Canvas gathers deadlines in a comprehensive
calendar, sends out submission reminders and links students to educators by sending pop up notifications to their
smartphone application each time a lecturer posts a new announcement to Canvas 12, Canvas also has several tools in
the course analytics section that can indirectly reflect on student engagement with the taught materials. The appropriate
use of these tools can help educators generate a progress scale, which students can use to assess their own
performance and educators can use to identify at-risk students.

Canvas VLE engagement indicators are mainly the total number of page views, the last page view, which reflects the
student’s last page view, and the total number of participations. VLE engagement indicators alongside coursework marks
collected throughout the year can be a useful predictive tool for future student exam performance. However, each of these



indicators cannot be used alone in making decisions on students’ engagement or academic performance. Linking these
indicators with coursework marks in a comprehensive model with input and output data can take advantage of each
indicator, giving each indicator its appropriate weight and appreciation. Creating a predictive model would help educators
perform preventive actions for students at risk of failure due to disengagement or low coursework marks. In parallel,
publishing the generated model for students would help them to correctly adjust their own progress based on their self-
assessment which becomes better calibrated with time (8],

| 2. Effect of Outliers on Individual Indicators Relationship to Exam Marks

Figure 1 presents the individual relationship of each variable to the student exam mark including all students (with
outliers). It was observed that the Pearson correlation coefficients (R-value) coming from VLE report 2 variables were
better than the data obtained in VLE report 1, which was generated early in the academic year in terms of the total
participation (A vs. D) and last page view (B vs. E). However, both parameters alone did not show a strong correlation to
exam marks. Higher R-values were observed with total page views than with other parameters without changing in terms
of correlation to the exam mark over the course of the year. In the same manner, practicals and assignments alone failed
to show strong relationships to the final exam mark with R values of less than 0.4.
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Figure 1. The relationship of individual variables with the final exam mark plotted as scatter with a least-square line
including all students (with outliers). The y-axis represents the value of the indicator (total participation number, number of
days since last login and total number of page views) or the coursework and practical marks per student (x-axis). The R-
value is the Pearson correlation coefficient. Graphs are plotted with the final exam mark on the x-axis and each variable
on the y-axis. VLE stands for virtual learning environment.

By removing the outliers from the models (Figure 2), all the correlation coefficients generated from VLE engagement
indicators improved. This increase was not apparent in variables H and G, related to coursework marks. With regards to
the R-values, variables D (total participation) and F (total page views) in VLE report 2 were the highest and were selected
for modelling with a reduced number of variables in the model. Variables G (practicals) and H (assignments) were much
more stable to outliers and were also selected for reduced number of variable modelling. It is worth mentioning that the
outliers were identified to be eight students.
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Figure 2. The relationship of individual variables with the final exam mark plotted as scatter with a least-square line
including all students (without outliers). The y-axis represents the value of the indicator (total participations number,
number of days since last log in, total number of pages views) or the coursework and practicals marks per student (x-
axis). The R-value is the Pearson correlation coefficient. Graphs are plotted with the final exam mark on the x-axis and
each variable on the y-axis. VLE stands for virtual learning environment.

| 3. Modelling Using All Variables

When all variables were used in the creation of the model in a simple linear regression model, Equation (1) was obtained
with a correlation coefficient of 0.6 (Figure 3 and Table 1). With regards to the weight of each variable in Equation (1), the
H and G (coursework marks) variables are the main contributors to the equation. Last page view (E) extracted from the
VLE engagement report 2 also has a higher contribution to the model than other VLE engagement indicators. The
generated model was statistically significant with a p-value < 0.01 (Table 1). In relation to optimisation of the equation with
a correlation coefficient of 1, the optimisation step was carried out with a new predictor (adjusting variable X) in Equation
(2) (Figure 3). Equation (2) reinforced the remark that variables H and G (coursework marks) are high contributors in
predicting final exam marks. From the VLE engagement point of view, the variable E (Last page view) from report 2
seemed to be crucial as well as an indicator with its high weighting reflecting a student’s overall engagement with the VLE
having also accessed the VLE late in term. Equation (2) highlights the huge impact of the personal variable X on Y (exam
marks), where this variable X could be more of a personal factor of behavioural origin amongst students. The X optimised
generated model was statistically significant with p-value < 0.001 and a perfect fit (RZ = 1) (Table 1). The outcome of
removing outliers was clear on all variables modelling with the Pearson correlation coefficient increased from 0.6 in
Equation (1) to 0.724 in Equation (3) (Table 1). Removing the outliers improved the overall correlations without changing
the importance of variables G, H and E for the equations.

Figure 3. List of the generated equations from simple linear regression with or without X variable with all variables or
using E (last page view), F (total pages views), G (practicals) and H (assignments).

Equation

Modelling Type Number Equation
All Variables Are in Court
With Outliers
Simple linear regression model without optimization (1) Y = —88+ 1.28H + 0.52G + 0.48F + 0.05B + 0.01C' + 0.008F — 0.004 A + 0.002D
Simple inear regrassion wih & new prediclor @ Y — —30.66 — 5.050X + 2,346 F + 0.69H + 0.4566G — 0.056D — 0.0344 + 0.011C + 0.006F + 0.003B
(adjusting variable X)
Without Outliers
Simple linear regression model without optimization 3) Y =—-110.7+1.4H +1.169F — 0.88B + 0.593G + 0.287A — 0.064D — 0.034C + 0.033F
Simple linar regression with a fiew predictor @ Y = —47.3— 45X +22E+0.75H + 0.51G — 0.5 — 0.118D + 0.046F — 0.036C — 0.0154
(adjusting variable X)
E, F, G and H Variables Are in Court
With Outliers
Simple linear regression model without optimization (5) Y = —96.7T+ 1.3H + 0.8E + 0.582G + 0.012F
Simple linear regression with a new predictor
i (6) Y — —86.92 4+ 6.95X + 1.268EF + 1.009G — 0.15H + 0.008F
(adjusting variable X)
Without Outliers
Simple linear regression model without optimization (7 Y =-983+122H + 0.973E + 0.56G + 0.0217F
Simple linear regression with a new predictor
. - (8) Y = —100 + 5X + 2.66FE + 0.68G + 0.48H + 0.0023F
(adjusting variable X)
Table 1. Statistical metrics of the generated models, with or without X variable.
Pearson
Number of .
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Pearson

Number of .
Equation Observation Root Mean Correlation
i Coefficient -
Modelling Type Number Error Degrees of Squared Error R2 et p-Value
Freedom Adjusted R?
Simple linear regression model @ 55 141 gggg 7.01 x
- - - - 0l - 10_3 ek
without optimization 46 0.237
Simple linear regression with a new @ 55 0.0656 1 2.98 x
predictor (adjusting variable X) 45 ’ 1 1076 #
Without Outliers
Simple linear regression model @) 47 12.4 g;gz 1.89 x
. .. . . . 10-4 Jkk
without optimization 38 0.424
Simple linear regression with a new @) a7 0.276 1 1.77 x
predictor (adjusting variable X) 37 ) 1 10764 s
D, E, G and H Variables Are in Court
With Outliers
Simple linear regression model ©) 55 13.6 ggzg 2.72 x
. .. . . . 10-4 kk
without optimization 50 0.289
Simple linear regression with a new ©) 55 0.264 1 3.18 x
predictor (adjusting variable X) 49 ) 1 10787 wex
Without Outliers
Simple linear regression model @) 47 12.1 gzgg 7.28 x
. _— . . - 10—6 *kk
without optimization 42 0.445
Simple linear regression with a new 47 1 1.36 x
. S . (8) 0.106 _89
predictor (adjusting variable X) 41 1 107°° #**

** and *** are used to indicate p value less than 0.01 and 0.001 respectively.

| 4. Modelling Using E, F, G and H Variables

Because VLE engagement report 1 variables showed low weight in the generated models, these variables were removed
from consideration and new models were created using four variables instead of eight (Figure 3, Equations (5)—(8)). The
use of fewer variables affected the overall Pearson correlation coefficients to 0.585 with outliers and to 0.7 without outliers
(table 1, Equations (5) and (7)). Again, the removal of outliers improved the correlation and the addition of an X variable
showed to predominate in top match equations (Figure 3 and table 1, Equations (6) and (8)).
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