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1. Introduction
For years, researchers have been studying 

the connection between learning analytics (LA) 
and student outcomes (Macfadyen & Dawson, 
2010; Rafaeli & Ravid, 1997; Romero et al., 
2013; Viberg et al., 2018). A natural focus of 
LA research efforts is on how LA can improve 
student outcomes, either through predicting 
which students need support, as a tool to guide 
educators which pedagogical choices are 
working to greatest effect, or even to change 
student behaviour.

Student behaviour was the first factor used to 
measure student engagement (Merwin, 1969), 
which is now widely accepted as key to student 
performance (Trowler & Trowler, 2010). Student 
behaviour, by itself, has been shown to predict 
student performance (Bloom, 1974). Therefore, 
it is reasonable to conclude that if a teacher 

can change the behaviour of a student then the 
teacher can improve that student’s academic 
performance.

With the ubiquity of the internet, studying, 
which was once confined to the classroom, has 
moved to a blended format where students not 
only learn during class time but also independently 
through accessing online learning resources from 
a learning management system (LMS). Because 
an LMS allows student usage to be easily tracked 
(Andre et al., 2019), many researchers have been 
exploring how that data can be used to identify 
students at risk of dropping out  (Hlosta et al., 
2020), to more deeply understand the learning 
process (Viberg et al., 2018), and to predict 
student grades (Ifenthaler & Yau, 2020).

The next section will introduce several relevant 
background studies, then explain the research 
objective along with the methods used in the 
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investigation. Findings will be discussed before 
conclusions are drawn and recommendations 
made.

2. Research background
2.1. Changing student behaviour
Many authors have identified that LMS usage 

data can be utilized to predict student grades 
(Conijn et al., 2017; Elbadrawy et al., 2015; Jo 
et al., 2015; Lu et al., 2018; Yang et al., 2017). 
Fewer researchers have explored whether LA 
interventions can act like nudges (Thaler & 
Sunstein, 2009) to change student behaviour in a 
way that is believed to positively impact learning 
outcomes (Hellings & Haelermans, 2020; Lim 
et al., 2019). However, those who have explored 
this have generally found that learners can be 
guided to change their behaviour.

An important question is whether the change in 
behaviour results in improved student outcomes. 
While some studies have found that a change in 
behaviour can improve student grades (Lim et al., 
2019) others reported opposite findings (Hellings 
& Haelermans, 2020). In an earlier meta-analysis 
(Viberg et al., 2018), similar mixed findings were 
reported. It is important to note that all of these 
studies were conducted in the Global North.

When looking for which student behaviour 
to target for change, we need to identify which 
behaviour is most likely to impact student 
grades. While there are studies, mentioned 
above, that identify which LMS activity most 
strongly correlates with grades, other researchers 
have found that no LMS activity predicts future 
grades better than earlier grades (Conijn et al., 
2017; Elbadrawy et al., 2015; Jayaprakash et al., 
2014; Lu et al., 2018).

One challenge is that some studies in this 
area (Gong et al., 2018; Hu et al., 2014; Iglesias-
Pradas et al., 2015) had very small sample sizes 
(fewer than 35 students). While these studies can 
introduce ideas for future investigation, we must 
be wary of drawing causal conclusions from them.

Another challenge is that very few studies were 
randomized controlled trials (RCTs). Of the three 
RCTs found which seek to use LA to improve 
student outcomes, only one reported that student 
behaviour was changed (Hellings & Haelermans, 

2020). The other two (Dodge et al., 2015; Park 
& Jo, 2015) did not report either way. However, 
all three RCTs reported that student grades were 
unchanged as a result of the intervention. A fourth 
study (Lim et al., 2019), which was not an RCT, 
did find that student behaviour was changed and 
also that student grades improved. However, as 
there was no random assignment, there may be 
factors other than the intervention which created 
the change, although care was taken by the 
authors to address this concern.

2.2. Social cognitive theory
Social cognitive theory (Bandura, 2018) 

provides some insight on how to change 
student behaviour. The behaviourist concept of 
social modelling, a key part of social cognitive 
theory, says that by demonstrating behaviours 
to someone, it is possible to shape or change 
their behaviour. Since social modelling has been 
used to promote wide-scale changes in personal 
conduct (Bandura, 2007, p. 11), it is reasonable to 
believe it can be used in the field of education to 
guide students to change their behaviour toward 
learning. Indeed, using social modelling through 
the use of videos to change students’ behaviour 
has been explored in multiple research studies 
(Devi et al., 2017).

2.3. Gender differences
Lim and colleagues (2019) explored the 

concept of gender in the context of LA but did not 
report any performance differences by gender. Jo 
and colleagues (2015) warned against exploring 
gender as a factor out of concern that if gender 
is found to be the most predictive of student 
grades, this could lead to the conclusion that 
interventions should be avoided because gender 
is not controllable. However, as the majority of 
business students in Vietnam are female, seeing 
what behavioural differences exist by gender 
may provide some useful insights.

2.4. Global South
The term Global North was devised to 

represent the countries of North America, 
Europe, Australia, Japan, etc. while the Global 
South represents the other countries. While most 
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countries of the Global South are also in the 
geographical south, not all of them are. Global 
South countries, such as Vietnam, are often found 
to be former colonies of the Global North and, as 
such, face very different issues.

As the context of the Global South is often 
quite different from that of the Global North, it is 
important for research to be done which highlights 
the Global South so that any similarities or 
differences can be more clearly identified and 
we can begin to overcome the bias toward the 
Global North which exists in literature (Henrich, 
2020). For example, in the Global North, it has 
been found that LMS usage drops as the semester 
progresses (Hellings & Haelermans, 2020; Lim 
et al., 2019). It would be useful to know if this 
pattern exists in the Global South as well.

Leitner (2019, p. 4) wrote that a challenge for 
LA research is “a shortage of studies empirically 
validating the impact” of learning analytics. 
This was further emphasized in a recent SoLAR 
webinar entitled “What Do We Mean by Rigour 
in Learning Analytics?” (Society for Learning 
Analytics Research, 2020).

In addition to the lack of rigorous studies, 
there is an absence of studies conducted in the 
context of blended learning in the Global South. 
The overwhelming majority of LA studies that 
have been done have taken place in the Global 
North, including all of the RCTs mentioned 
above.

As the Global South has very different 
challenges (such as much lower per capita 
GDP leading to lower funding levels for higher 
education), it is reasonable to expect that 
students, and the interventions which will be 
most impactful, might be different from what has 
been found in the Global North.

More randomized studies are clearly needed 
and they should include students from the Global 
South. An experiment to address this need is the 
focus of this paper and will be conducted using a 
mixed-methods approach.

2.5. Research objectives
The objective of this research is to explore 

to what extent presenting students with an LA 
dashboard, which compares the student’s LMS 

behaviour to that of their peers on a weekly basis, 
can increase the student’s interaction with the 
LMS and whether or not any such increase will 
lead to improved student grades.

3. Methods
The design of this experiment borrows heavily 

from social cognitive theory (Bandura, 2018) 
with the intent to change student behaviour. In 
short, this experiment used social modelling 
to help students to see how they can change 
their behaviour as a means of improving their 
performance. In the current study, the one doing 
the modelling (the one whose behaviour is 
being seen by the students under study), is being 
dynamically determined and is a peer rather than 
a teacher because the student is likely to feel 
more similar to their peer and, thus, more likely 
to copy the modelled behaviour.

A mixed-methods approach was taken 
whereby an initial quantitative study was 
performed and then, at the end of the study, three 
students, chosen from different grade-levels (top 
performing, low-performing, and middle), were 
interviewed to better understand the perspective 
of the students on the findings.

3.1. Sample
A total of 309 students studying two 

undergraduate business management courses, 
held at a large public university in Vietnam, 
were selected for the quantitative study. They 
comprised all students studying these two courses 
during this semester. Subjects were randomly 
assigned into treatment and control groups. With 
this selection technique, other factors that could 
impact the results are assigned to groups by 
chance which turns systematic error into random 
error (Mellenbergh, 2019) reducing the need to 
control for other factors.

Table 1. Participant data.

Male Female Total

Treatment 64 91 155

Control 66 88 154

Total 130 179 309
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All students were between 18 and 21 years 
old and in their first academic year at university. 
Most students had spent the previous year 
studying English intensively, as the program is 
an English-language program taught in a large 
Vietnamese public university.

3.2. Procedure
At the start of the semester, all students were 

notified that there would be an experiment 
and they would be divided into groups in the 
fourth week of the 13 week semester. They 
were all informed about the importance of 
both treatment and control groups and asked to 
respect these boundaries. They were all told that 
their behaviour in the experiment, including the 
completion of any questionnaires, would not 
impact their course grades in any way. They were 
also informed there would be a drawing at the 
end of the semester where approximately $87 
(about 12 days average pay in Vietnam) would 
be awarded in a random drawing.

During week four, all students were asked 
to complete a series of questionnaires and were 
given two weeks to complete them. Up to three 
follow up emails were sent to students over the 
next two weeks to encourage them to finish the 
questionnaires.

Starting at the end of week six, all members 
of the treatment group received a weekly email 
which contained a link to an HTML report (see 
Appendix for a full sample report). Each section 
of the report contained data on how different 
categories of students behaved. As an example, 
Figure 1 is the first section:

Figure 1. Report section 1.

In addition to the text, the user can show a 
chart of the data which will display the most 
recent five-week trend, as shown in Figure 2.

Figure 2. Report section 1 chart.

If the user clicked the “how to improve” link 
they were taken to a page explaining what is 
measured and how it might relate to their grade. 
An example of this can be seen in Figure 3.

Figure 3. Report section 1 improvement text.

The intention was to help students to see, 
both in textual data as well as graphically, how 
student LMS behaviour was linked to grades. For 
example, in Figure 2, it seems intuitively clear 
that more logins correlates with higher grades 
and fewer logins correlates with lower grades, 
even if the student does not understand exactly 
what correlation means.

The first nine sections were like this but for 
other indicators. Not all indicators were from 
the LMS. For example, lecture attendance was 
included in the report but was stored in a different 
system.

The 10th section had the student’s grade by 
quartile. For example, a student might see “Your 
grade is currently in the top 25% of your class.”

The final section was a bonus tip from learning 
science literature. An example is “Taking notes 
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during class is known to improve learning. 
Additional benefits come from reviewing and 
editing your notes before you go to sleep the 
night of the lecture.”

At the end of the semester, students were asked 
to complete another series of questionnaires.

4. Analysis
Since both the treatment and control groups 

were expected to interact with the LMS less in 
the second half of the semester, the measurement 
was the difference in the change of usage between 
the two groups. That is, was there or was there 
not a significant difference between the change in 
LMS usage of the treatment and control groups 
(differences in differences).

The intervention (weekly reports) began at the 
end of week six which is approximately half way 
through the semester. This allowed comparison 
of the usage in the first half (1H) to the usage in 
the second half (2H) of the term. The treatment 
group was compared to the control group using 
an independent samples t-test to see if any 
behavioural changes between the two groups 
were statistically significant.

Analysis was limited to the following LMS 
usage categories: 1) logins, 2) formative quiz 
attempts, 3) URL clicks, 4) file downloads, and 5) 
an aggregation (simple summation) of the these 
four measures as a proxy for overall interactivity 
with the LMS. Which members of the treatment 
group accessed their online weekly report and 
associated hints, including at what frequency, 
was also considered.

Finally, any relative increase in LMS usage by 
the treatment group correlating, using Person’s 
r, with the average of 2H grades (there were six 

assessments before the start of the intervention 
and seven assessments after) was explored. 
The grade was evaluated as the percentage of 
the maximum grade available, to account for 
differing maximums for different assessments.

5. Findings and discussion
The following charts show the differences 

between the control (orange) and treatment 
(blue) groups. In all cases, we can see the 
treatment group declined less than the control 
group. In the case of URLs clicked, the treatment 
group actually increased slightly in 2H while the 
control group declined strongly. 

Figure 4. Charts comparing first and second half 
of semester.

It can be difficult to see in the chart of grades 
but the two lines overlap.

Comparing the means of the two groups involves 

Table 2. Comparing Means

Measure Control Treatment T-test  signif. Effect size Cohen’s d

Mean SD Mean SD

LMS usage -36.18 39.31 -23.82 38.94 .01 .36

URL clicks -3.14 12.31 0.38 12.85 .02 .28

File downloads -21.26 25.86 -16.63 23.01 .10 .19

Quiz attempts -1.28 1.47 -0.95 1.77 .08 .34

Logins -10.50 14.09 -6.62 14.09 .02 .27
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comparing the average change in behaviour. The 
numbers in Table 2 show the difference between 
1H and 2H behaviour. Negative numbers show 
a decrease in activity in 2H. Only LMS usage, 
URL clicks, and LMS logins were statistically 
significant at the p = .05 level.

Comparing the differences of means, the 
data strongly indicates that this intervention 
can increase student LMS interactivity. That is, 
social modelling can be used to change student 
behaviour.

Cohen’s d shows effect sizes between 0.19 
and 0.36. Normally these ranges would be seen 
as a small to medium effect. However, it has been 
recommended to avoid using such standardized 
interpretations. An effect size of 0.36 might be 
considered small to medium but the question is 
whether or not that is an important level (Lipsey 
et al., 2012). To know that, we must compare the 
numbers to what is being found through other 
experiments in similar contexts. Unfortunately, 
with LA being a relatively new field, there are not 
many reports of Cohen’s d. Therefore, we should 
consider the effect sizes of this intervention 
numerically but should reserve classifying them 
as low, medium, or high based on what future 
researchers find.

5.1. Correlations between change in LMS 
interactivity and grades
Looking at the correlations between the 

change in LMS use and 2H grades (Table 3), 
none of the LMS usage measures had a strong 
correlation (see column labelled “1”) with 2H 
grades.

As shown in the chart of grades above, the 
treatment group did not have higher grades. In 
fact, the two groups averaged the exact same 
grade in both 1H and 2H.

The data strongly indicates that the increased 
LMS interactivity did not lead to correspondingly 
higher grades. This is in line with previous 
findings from the Global North (Hellings & 
Haelermans, 2020). This does not mean that 
changing student behaviour is not a worthy goal. 
The behaviour that should be targeted might be 
behaviour which is not captured by the LMS or 
simply was not explored in this investigation.

In Table 4 we can see the correlations of all 
variables of interest for 1H and 2H LMS usage.

As shown in column labelled “2” (2H grade), 
the item with the highest correlation is 2H logins 
(.516). However, that is still lower than 1H 
grade (.633, visible in the column labelled “1”). 
Confirming earlier literature, nothing in this 
study correlated better with grades than earlier 
grades. Although LMS logins, which strongly 
correlates (.860) with overall LMS usage, does 
give us a hint into which students will achieve 
higher grades.

One goal of this study was to identify if there 
was a causal link between higher LMS usage and 
higher grades. That is, if we can motivate students 
to use the LMS more, presumably they will 
be more engaged, will read more, will attempt 
more quizzes, and, as a result, will learn more 
and achieve a higher grade. All of the known LA 
experiments with random assignment, including 
this one, provide fairly clear evidence that this is 
not the case, at least any changes in performance 
are not visible in the near term.

Table 3. Correlations of Changes

Variable 1 2 3 4 5

(1) 2H grade

(2) Δ Logins -0.15

(3) Δ File downloads -.119* .416**

(4) Δ Quiz attempts .025 .220** .198**

(5) Δ URL clicks -.016 .196** .311** .156**

(6) Δ LMS usage -.083 .694** .880** .294** .592**

* p < .05; ** p < .01
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5.2. Gender differences
If we explore the differences by gender, as 

suggested by Lim and colleagues (2019), even 
though no results were shown, we see that female 
students accessed their weekly reports much 
more often than their male classmates. Males 
accessed the hints more often but the number 
for both groups was extremely small, averaging 
less than one hint access over the entire six-week 
experiment.

Table 5. Report usage by gender

Average accesses Average grade

Report Hint 1H 2H

Female 5.41 0.69 0.71 0.60

Male 3.72 0.89 0.61 0.50

The grades of women were consistently 
higher than the grades of men. Female students 
accessed their weekly report much more 
frequently (reports were only available in 2H) 
but the grades of women were consistently 10 
percentage points above those of the men (in 1H 
and 2H). Therefore, there is no reason to believe 
that accessing the report more often leads to 
higher grades.

5.3. Temporal effect
Just as LMS usage went down as the semester 

progressed, confirming previous research 
(Hellings & Haelermans, 2020; Lim et al., 2019), 
so did LA report access. That is, LA report access 
was highest at the start of 2H but then slowly 
dropped over the remaining weeks.

Figure 5. Report and hint access by week.

This drop in overall activity has two 
practical reasons, which were identified by post-
experiment interviews with individual students. 
One student said: 

"After three weeks or so, students figure out the 
pattern of how to perform well. Do not download 
slides before lecturers but pay close attention in 
the lecture. Pay close attention in the tutorials 
where the tutor explains how to do well in the 

Table 4 Correlations of variables of interest

Variable 1 2 3 4 5 6 7 8 9 10 11

(1) 1H grade -

(2) 2H grade .663**

(3) 1H logins .345** .427** -

(4) 2H logins .369** .516** .775** -

(5) 1H downloads .310** .377** .452** .328** -

(6) 2H downloads .262** .426** .364** .474** .647** -

(7) 1H quiz attempts .412** .455** .474** .404** .417** .408** -

(8) 2H quiz attempts .300** .456** .424** .481** .342** .478** .692** -

(9) 1H URL clicks .144* .207** .271** .196** .371** .227** .234** .202** -

(10) 2H URL clicks .133* .124* .136* .233** .145** .358** .218** .318** .288** -

(11) 1H LMS usage .382** .472** .780** .590** .894** .612** .543** .457** .519** .204** -

(12) 2H LMS usage .354** .509** .594** .782** .782** .541** .860** .490** .606** .300** .663**

* p < .05; ** p < .01
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[assessed] workshops. Do what the tutor said in 
the workshops, get good grades."

A slightly different answer was given by 
another student when asked about the drop in 
LMS usage in the second half of the semester.

"Laziness and other courses having their 
assignments due so there is less time available. 
Maybe also problems with time management. 
Maybe just students are becoming less excited 
because it is no longer new."

First, students are more interested in “figuring 
things out” at the start of the course, when 
they feel greater confusion. As they gain more 
experience with a course, they feel less of a need 
to consume resources on the LMS. Second, 90% 
of other courses’ assessments (for the students 
under investigation) were in the second half of 
the semester. That is, students’ cognitive load 
increased from competing courses lowering the 
cognitive capacity available for any one course. 
This was supported by comments from a third 
student who said:

"The first half [of the semester] is too easy 
but the second half is too hard. Try to move the 
workload more to the start of the semester."

Given that students pay more attention to 
assessments and that 90% of other courses’ 
assessments are in the second half of the semester, 
it is natural the students feel the second half is 
much more difficult.

What was unexpected was that URL clicks 
increased for the treatment group in the second 
half, implying the motivation from seeing the 
report was strong enough to overcome the 
cognitive burden from assessments in other 
subjects. It could also be that clicking extra links 
is a common reaction by students.

The file download category (of LMS 
usage data) included the syllabus, course text, 
assignment brief, workshop briefs, workshop 
schedules, lecture slides, and some articles. 
The strongest correlation of each of these items 
with 2H grades was the assignment brief (.424). 
Students who did not download the assignment 
brief might depend on those who did, indicating 
they are struggling more or are less engaged. 
Targeting students who do not download the 
assignment brief for additional support could be 
insightful.

5.4. Potential latent benefits
It is possible that important cognitive changes 

were made by the students but that those changes 
require more time to manifest in student behaviour. 
After all, these were first year undergraduate 
students and higher education is very different 
from the upper-secondary school experiences 
they are used to (in Vietnam). Therefore, it 
will be important to monitor these students for 
changes over time (see Ifenthaler & Yau, 2020). 
This could be done by exploring grades for these 
students as they progress through to graduation. 
However, without ongoing encouragement, it 
is possible that any treatment effects will wear 
off over time. Longitudinal LA experiments, 
as recommended by Ifenthaler and Yau (2020), 
would be useful here.

5.5. Subjective impact of experiment
At the end of the semester, students in the 

treatment group were asked what impact they 
felt the experiment had on their grades both in 
their current course as well as their other courses. 
Their answers can be seen in Figure 6.

Figure 6. Subjective impact on grades.

Students in the treatment group felt like their 
grades went up not only in the current course but 
also in other courses. This implies that students 
felt they were learning things which could help 
them not just in their current subject but the other 
courses they study as well. As earlier research 
mentioned, sharing LMS usage data with learners 
can promote self-regulated learning (Lim et al., 
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2019) and even meta-cognition (Webster et al., 
2019). This finding provides further evidence of 
the possibility that changes were made by the 
student which might be seen over a longer period 
of time.

The vast majority (91%) of (treatment group) 
respondents reported that they found the weekly 
report useful.

When asked for more details on how the 
report was impacting the student, two common 
responses stood out as shown in Figure 7. 
The first was that the report made the students 
think about their learning. This meta-cognitive 
development is likely to have a long-term, rather 
than short-term, impact. The second was helping 
students to see the connection between behaviour 
and grades. There were 128 respondents to this 
question, with multiple choices possible by each.

Figure 7. Number of students reporting changes 
due to report.

A) Made me think more about my learning
B) Helped me to see how my behaviour 

affected my learning and my grades
C) Kept me focused on my goals
D) Made me focus on learning
E) Made me worry about how much I am 

being tracked by Moodle
F) Made me think less about my learning
G) Made me want to trick the system by 

clicking more even though I did not read the 
materials

One of the dangers anticipated was students 
wanting to increase their reported numbers and 
doing so without the doing the underlying work 
(gaming the system). For example, they might just 
click all the URLs on the LMS without reading 

anything. The LMS is unable to determine what 
students read. It can only see if a link was clicked 
or not. However, only seven students (5%) 
reported engaging in such behaviour.

5.6. Student preference
When considering the various sections of the 

weekly report, the element students reported as 
being most useful was the bonus tip. The tip was 
different every week and came from learning 
science literature. The fact that students found 
that more interesting than any of the data implies 
that students may have some awareness of their 
own need for meta-cognitive development, as 
suggested by earlier research (Webster et al., 
2019).

This finding is further supported by the fact 
that the most popular answer students gave 
to the question, “What impact did the weekly 
report have on you?” was to help them put more 
attention on their own learning process. This is 
the very definition of meta-cognition.

One of the students in the post-experiment 
interviews made a relevant comment here when 
she said:

I think the information on the report does not 
really impact my grade. I just read maybe half of 
the report and really just focused on the part of 
the report which showed my grade.

5.7. Identifying students in need of additional 
support
One of the promises of LA is to identify 

which students are in need of additional support 
before it is too late. This is why many papers 
have focused on answering the question, which 
LMS usage indicator can best predict future 
student grades (Conijn et al., 2017; Elbadrawy 
et al., 2015; Jo et al., 2015; Lu et al., 2018; Yang 
et al., 2017). However, at least in this research, 
LMS usage data was not as good a predictor of 
future student performance as earlier student 
grades. This matches earlier research (Conijn et 
al., 2017; Elbadrawy et al., 2015; Jayaprakash 
et al., 2014; Lu et al., 2018) and indicates that, 
if the goal is to identify students needing extra 
assistance, it might be better to add a greater 
number of assessments earlier in the semester. 
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This was also suggested by one of the students 
interviewed.

More smaller assessments are good because 
it gives visibility and students can figure out the 
pattern to success more quickly, before it is too 
late.

6. Conclusion
In this randomized experiment it has been 

found that through sending students weekly 
reports indicating the relationship between 
student behaviour (focusing on LMS activity) 
and student performance (grades), it is possible 
to get students to modify their behaviour. That is, 
educators can increase students’ LMS usage by 
showing that LMS usage is positively correlated 
to grades. This makes sense intuitively as 
undergraduate students often confuse correlation 
and causation. However, there was no causal 
relationship between increased LMS usage and 
grades. That is, we can increase LMS usage 
because of the false cause fallacy (Manninen, 
2018) but that does not translate into higher 
student grades. Since we know behaviour is key 
to student performance, this indicates that either 
LMS activity data does not capture the most 
important learning behaviour or did not capture 
it in this experiment.

When it comes to predicting student 
performance in the second half of the semester, 
the best predictor was the grade in the first half 
of the semester, in line with existing literature 
(Conijn et al., 2017; Elbadrawy et al., 2015; 
Jayaprakash et al., 2014; Jo et al., 2015; Lu et 
al., 2018).

Interestingly, females (in the treatment group) 
accessed their weekly report an average of 5.4 
times while men did so only 3.7 times. Females 
also achieved higher grades. However, the 
difference in grades (about 10 percentage points) 
was consistent from H1 to H2. This is further 
evidence that increased interactivity with LA 
systems does not improve student outcomes.

All of this does not mean LA has no potential 
value. There are still countless ways that LA 
can be used to help students, for example using 
LA to teach students about data analytics and 
data-based decision-making (particularly useful 

for business students who were the subjects of 
this investigation), to identify students who 
are not engaging with the materials, or to use 
these weekly prompts to improve student meta-
cognition. Some of these options will be listed in 
the following section on future research.

7. Limitations
This study has its limitations, including a 

relatively small sample size. While participants 
were randomly assigned to their groups, there 
were only 309 students. Before depending on 
the conclusions drawn herein, this study should 
be replicated, especially in different cultures, 
although this study’s findings are in line with 
research from the Global North.

It has been suggested that when LMS usage 
does not correlate strongly with student grades, 
that may indicate an issue with the materials on 
the LMS (Elbadrawy et al., 2015). That is, the 
URLs and resources included in these courses 
might not be supporting students getting higher 
grades. If these materials were different, the 
results might also be different.

This study also provided feedback to students 
only once per week. It is possible that if there were 
more frequent reports to students this might have 
increased LMS usage more strongly, breaking 
above some hypothetical usage threshold which 
could have changed the impact on learning and 
grades.

8. Implications and recommendations
Since LMS usage data does not provide a 

better predictor of student performance than 
previous student performance, rather than using 
learning analytics to indicate which students 
are in the greatest need of additional support, it 
would be better to introduce a greater number of 
assessments throughout the semester. That is, a 
greater number of low-stakes assessments could 
give visibility to both educators and students into 
who needs extra attention.

In other research (Zimmerman & Johnson, 
2017) (n=353) which did not use an LMS, it was 
shown that an early quiz (in the second week) 
was a good predictor of who will complete a 
statistics course and who will not.
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Additionally, in the post-experiment 
interviews, having multiple assessments was 
mentioned as something which gave students 
greater understanding of whether or not they 
were on the right path.

Previous research, this experiment, and 
student interviews all indicate that having more 
assessments in a course, especially starting early, 
can bring important benefits.

9. Further research
As mentioned in the conclusion, while this 

study indicates that simply informing students 
of the connection between student LMS activity 
and student grades was not enough to improve 
student performance, there is still much potential 
in LA research. In this section, we explore some 
of these areas.

Data analytics has become a very important 
area in all aspects of business (customer 
analytics, talent analytics, etc.). Using LA to help 
students to better realize how data analytics can 
be applied by having their own usage reported 
may help them understand more deeply about 
this topic.

Since women in the treatment group accessed 
their reports more than men, we should explore 
if this means male higher education students are 
less engaged and, if so, whether this is a cultural 
issue limited to this context. Using LA as a way to 
improve student engagement, with the materials 
as opposed to only measurable elements, could be 
a better path to improving student performance. 
For example, by seeing which elements are being 
underutilized by male students, the teacher can 
address in the lecture why males might find these 
other materials interesting as well.

Using weekly emails to not just report usage 
data to students but also trigger structured 
reflection could offer a way to improve meta-
cognition with no additional effort from the 
teacher. For example, simply by adding a sentence 
at the start of the weekly email reminding 
students to consider how the data in this report 
might help them change their behaviour, students 
might improve their meta-cognitive abilities on 
their own.

As this experiment has led to additional 
questions, perhaps one of the key benefits is to 
use LA as a way to gain insight into questions 
for education researchers to explore. That is, 
focusing LA efforts on research analytics. As 
one example, why do female students seem more 
engaged than their male classmates?

As has been mentioned by others (Ifenthaler 
& Yau, 2020), large-scale longitudinal studies 
could be very helpful, especially in seeing if 
there are changes made which simply take longer 
than one semester to manifest in observable 
behaviour. Future follow up will be scheduled 
with the students in this current study to see if 
any measurable changes can be seen after a year 
or two.

Finally, using LA to promote student meta-
cognition, agency, or other aspects of student 
psychology could lead to lasting, long-term 
effects. Such studies would likely need to be 
longitudinal in nature but could be among the 
most powerful uses of LA. This is supported by 
student responses to this experiment where they 
mentioned the most useful aspect of their weekly 
report was the bonus tip based on learning science 
literature.
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