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Early warning system as a predictor for student performance in
higher education blended courses
Anjeela Jokhan, Bibhya Sharma and Shaveen Singh

Faculty of Science, Technology and Environment, University of the South Pacific, Suva, Fiji

ABSTRACT
Early warning systems are being used to assist students in their studies as
well as understanding student behaviour and performance better. A
home-grown EWS plug-in for Moodle was used to predict the student
performance in a first year IT literacy course at University of the South
Pacific. The alert tool was designed to capture student logins,
completion of online activities and online engagement. Data were
captured from Moodle and statistical modelling using the regression
model was used to determine any correlation between student’s online
behaviour and their performance. Student performance in this higher
education course could be predicted based on their average logins per
week and the average completion rates of activities. The accuracy of the
model was 60.8%. Hence the EWS can be a very useful tool to measure
student progression in a course as well as identifying underperforming
students early in their course of allowing for early intervention.
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Introduction

As student enrolments in higher education increase, so do the class sizes and the heterogeneity of
students in a class, traditional or non-traditional, virtual or face-to-face. Ensuring optimal learning
experience both synchronous and asynchronous, managing and monitoring large class sizes, and
accommodating a wide array of delivery modalities, are becoming a serious concern and challenge
for higher education institutions (HEI). Moreover, knowledge variability of students unconditionally
adds to the growing pressure on HEI and the academics to not only maintain high pass and com-
pletion rates, but also high rates of student persistence and retention (Colby 2005; Dawson et al.
2012; Johnson and Semmelroth 2010; Macfadyen and Dawson 2010; McWilliam 2005; Siemens and
Long 2011). While some merely label these concerns as technical problems and consider quick-
fixes, others treat them as adaptive challenges and work on establishing solutions which are more
sustainable, scalable and can be extended to all modes of delivery.

Driven by competition the HEI are attempting to make education more accessible and flexible, and
cater for large and increasingly heterogeneous learner population. In many countries the demand for
up-skilling the workforce and giving the mature population a second chance to education necessi-
tates HEI offer courses and programmes in more distance and flexible ways suitable to all kinds of
learners. In doing so, HEI are actively encouraging the move from transmissive to active learning
where learners can take more control of their learning, by adopting new approaches and strategies
in the delivery of education (Macfadyen and Dawson 2010).

The most visible and seminal transformation in recent years has been the integration of ICT in edu-
cation. Online environments augment the student-centered approach, herald and facilitate increased
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interaction between students and promote active learning (Macfadyen and Dawson 2010). These
virtual workspaces also help build online communities of learners irrespective of the geographical
barriers, and allow for synchronous and asynchronous learning. In some instances reserved and
more culturally orientated students who may feel shy to interact in a physical (face-to-face) environ-
ment find it more comfortable to interact in a virtual learning environment (Jokhan and Sharma
2010). All these leave the academics with a daunting task of continuously monitoring the progress
and performance of students in their units and courses.

Academic analytics and its role in student learning support

Academic analytics, involving data mining, statistical analysis and predictive modelling, is an excel-
lent approach to help monitor the effectiveness of online learning tools, and help improve pedago-
gical practices (Baepler and Murdoch 2010; Dawson, McWilliam, and Tan 2008; Macfadyen and
Dawson 2010; Siemens and Long 2011). Analytics help reform curriculum and design specific strat-
egies for targeted cohorts or individuals at risk of failure or derailed from academic programmes.
Additionally, analytics can help provide extra support to high achievers through personalized instruc-
tions. In doing so it becomes critical that we understand how learners interact with the educational
technologies, what their preferences are in terms of what they expect the technology to do for them,
and howmuch benefit they think they get from it (Atif, Bilgin, and Richards 2015; Corrin and de Barba
2014; Kovanović et al. 2015).

While data mining and analytics have been used in businesses and marketing for a long time, their
deployment in education is much more recent (Baepler and Murdoch 2010; Baepler and Murdoch
2010; Hodges 2004; Macfadyen and Dawson 2010; Romero, Ventura, and García 2008; Singh et al.
2012). The student learning experiences and a wider capacity to collect rich learner data have not
always been used to inform feedback or to improve the learner’s experience to date. Unlike in a
face to face teaching situation such as lecture, tutorial, reading and group activity where there is
no opportunity of tracking progress in real time (unless an assessment is conducted post activity),
an online environment allows for a continuous tracking of student participation in learning activities
and monitoring of student learning. Students can be tracked in real time, data mined and analysed to
understand and quantify their participation in learning activities, as well as provide evidence of actual
learning through online assessment invariably provided at any point during the course of the study.

An online instructor may provide additional resources, supplements and activities at any given
time in order to improve the student performance. Therefore, an early intervention is certainly poss-
ible to assist students ‘at risk’ of failing a course or even dropping out of a course (Liu et al. 2015;
Macfadyen and Dawson 2012; Siemens and Long 2011). More recently, in an innovative study
using analytics and machine learning algorithms students’ academic progression has been deter-
mined early in a course wherein online activities and assessments existed widely (Singh et al.
2012). There are also signs, pilots and introduction of new tools driven by learning analytics and
behavioural science research which are allowing more personalized feedback for example through
learning management systems (LMS; Gibson 2012).

Learning management system as a tool for active learning

In order to produce graduates for the twenty-first century who are self-directed, life-long learners, the
learning pedagogies need to transform and upgrade (Dawson et al. 2012). The new skillset inter alia
include self-directed learning, time management, self-monitoring and reflection, and engagement
with other learners. LMS provide a useful tool to not only develop these skills but together with learn-
ing analytics, also allow for the monitoring of students in real time to identify students who may need
extra learning support in a course (Dawson et al. 2012; Siemens and Long 2011; Singh et al. 2012).

The LMS are normally categorized under open source, proprietary and cloud-based include
systems such as Sakai, Desire2Learn, Blackboard and Moodle as online learning platforms. These
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provide the opportunity for students to learn actively, through participation and in online commu-
nities without having the need to come into physical contact with their peers or instructors and
mentors. While these online platforms can easily be repositories of course materials and supplements,
they also have the potential to engage students in more structured learning processes through newer
pedagogies with their growing courseware. Therefore, LMS are inundated with data which potentially
can help make useful decisions on student learning and adaptive interventions during the running of
current and future courses. LMS also allow educators to extract data relating to student participation
in online learning activities, and online assessments, giving them an idea of how learning is taking
place at any point in time (Baepler and Murdoch 2010; Black, Dawson, and Priem 2008; Dawson,
McWilliam, and Tan 2008; Liu et al. 2015; Macfadyen and Dawson 2010).

Early warning systems

An early warning system (EWS) is a tool used by educationists to monitor student progress and ident-
ify students at risk of either failing a course or dropping out of a course or programme. Such alert
systems have been used quite extensively in secondary schools in the United States, to monitor
student progress in schools and identify indicators that predict the chances of their drop out from
schools (Dawson et al. 2012; Heppen and Therriault 2008; Johnson and Semmelroth 2010; Pinkus
2008).

The way EWS is used in secondary schools in the United States is that it uses data that is available
from previous years as a means of relating the risk factors to students’ fate. Once patterns are created
they are used to apply to students in a class to make predictions of their performance and the prob-
ability of their dropping out of the school system (Heppen and Therriault 2008). Microsoft workbook
is formatted with historic data of the risk factors and student outcomes. Several worksheets are linked
to compare different data for analysis. Based on this data for current students the system flags those
students who are at risk of dropping out (Heppen and Therriault 2008; Johnson and Semmelroth
2010). Data are normally entered manually into the worksheet but for large populations of students
this is not only time consuming but has the chance of injecting significant human errors.

More recently HEI have begun using EWS in courses engaging LMS to follow student progress and
predict student performance in individual courses, thus giving an opportunity for early interventions
(Baepler and Murdoch 2010; Colby 2005; Macfadyen and Dawson 2010; Siemens and Long 2011) from
instructors, mentors and the students themselves. There is now a real effort made by HEI to not only
use some form of EWS but to investigate how students may actually use such tools in the course of
their studies and if they do actually find it helpful (Atif, Bilgin, and Richards 2015; Corrin and de Barba
2014; Liu et al. 2015). The LMS are being used to track student engagement in learning (Baepler and
Murdoch 2010; Dawson et al. 2012; Macfadyen and Dawson 2010; Siemens and Long 2011). When
using LMS it is possible to carry out leaning analytics in real time within a course which involves col-
lecting analysing and reporting user data in learning and teaching. Learning analytics can provide
important information on individual students who may be requiring additional learning support.
Research in this area clearly shows that there is direct co-relation between the risk factors and the
student dropout. In EWS, identifying risk factors that contribute to poor performance or dropping
out of courses can be based on carrying out statistical analysis on current and past data, and
trends (Dawson et al. 2012; Macfadyen and Dawson 2010; Siemens and Long 2011) or using
Machine Learning and Artificial Intelligence (Singh et al. 2012).

The determination of ‘at risk’ students using AI was successfully demonstrated by Singh et al. in
2012 where in a first year online mathematics course performance of underperforming students
was predicted as early as week 5, in a 18 week course, with 58.1% accuracy and by week 9 underper-
formers could be identified with 63.3% accuracy (2012). This ensured the luxury of sufficient semester
time to take successful corrective and remedial measures. The new tool was in comparison to the
traditional practice of generating mid-semester reports for each course, however, by the time the
at-risk students are identified and directed to remediation it was almost impossible to make a
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positive, concerted difference. It was also noted from the research that the accuracies could be
improved and the time of intervention brought forward if supervised data are utilized.

Purpose and contributions of research

This research looks at the impact of introducing this newly designed EWS prototype in a blended
IT course, which was delivered predominantly online to first year students of a higher education
institution in the Pacific. Its effect on the students’ behaviour and their overall performance in the
course was captured and analysed to create a model to predict student performance in the
blended course. The student performance could be predicted based on the measures of online
presence in the form of average logins per week and the average completion rates of activities.
All-in-all, the major contribution of this research is the design and implementation of a new EWS
to measure student progression in a blended course as well as identifying underperforming stu-
dents early in their course to allow for early intervention as well as bring about a change in their
online behaviour.

Design and architecture of EWS

The new architecture of the EWS is shown in Figure 1. The new process flow of the system requires
another independent server and database. The process flow is explained in Table 1.

The students will be able to get information on EWS through their dashboard, popup, and the par-
ticipations tab. The process flow of the main dashboard is shown in Figure 2.

Methodology

Settings

The course titled UU100-Communication and Information Literacy utilized for this research was
offered via Moodle in semester 1, 2013. The course is one of the four university courses at USP
and mandatory in all its undergraduate programmes. The course had 1523 students enrolled and
incorporated many online activities including, but not limited to, weekly discussion forums, glossary,
lessons, quizzes, chat, blog, topic resources and surveys. Figure 1 demonstrates the new EWS archi-
tecture that was sued in this course. Figure 3 is summarizes the characteristics of the survey partici-
pants from a pre-course questionnaire taken by 1600 students in the UU100 course.

Figure 1. New EWS architecture.
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Data collection

The newly in-house designed EWS prototype was introduced in Week 4 of the semester, and the
system relied upon the logging system of Moodle to monitor the login frequency of students and
the user interaction patterns in key course activities. The completion rate and the coursework
status of students were also monitored against the benchmarks set in the EWS in liaison with the
course coordinator. The system flagged the students on the aforementioned performance areas.

The following performance/background attributes were extracted for every student on a weekly
basis: Student ID; Week Number; Completion Rate; Login Frequency; Accumulated Coursework; and
Final Mark. These attributes were mapped to the students Final Exam mark and Course Outcome
(pass/fail) which were used as the indicators of the students overall performance/achievement in

Table 1. New EWS process flow.

1. EWS connects to Moodle database
2. EWS reads from synced tabled
3. Moodle server pushes required data from Moodle database to EWS database for processing
4. Processing EWS data (read)
5. Processing EWS data (write)
6. Sync data to Moodle database

Figure 2. The EWS process flow of a student’s main dashboard.

Figure 3. Characteristics of University of South Pacific UU100 student survey participants.
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the course. Since there was no final examination in this course the final mark was computed as the
total sum of all coursework mark at the end of week 14.

Data analysis

Before performing any correlation/regression analysis, the data were cleaned and validated. Firstly, all
data where the values of LoginsPerWeek/CompletionRate were insignificant or resulted in 0 Course-
work were removed since these students were assumed to have withdrawn during the initial weeks
of the semester. There were some data missing for some students (such as no Final Exam mark) and
these instances were deleted. Next, the data were truncated at chosen endpoints so that all outliers
were removed. Finally, extreme values of the standardized residuals were also carefully deleted so
that more accurate correlation and regression results were obtained with the cleaned data. The
final cleaned dataset contained 1403 instances, which was 92% of the course population and
these were put through various statistical tests using software.

Results

This research was carried out to test if those students who used the EWS eventually did well in a uni-
versity (or generic) course coded UU100 with title ‘Informations and Computer Literacy’. This new
learning tool was implemented in week 4 of a semester and after its implementation, a significant
increase was observed in the weekly average logins and completion rates.

At the onset of this research, the two most important predictors (independent variables) of the
outcome were identified as the number of logins and completion rates of assessments. Initially,
the data were analysed to test if there was an increase in the students’ response, with respect to
the two predictors, to the course after the implementation of EWS. And subsequently, correlations
(strength and direction of linear relationship) were created between the important variables in the
data set to see if possible prediction models could be developed.

The tests of normality were conducted to determine the distribution of data and to identify the
type of statistical method to employ. It was found that the distribution of both predictors (average
login rate per week and the average completion rate) were highly skewed. Hence, the non-parametric
Wilcoxon signed rank sum test (for two related samples) was used. The results showed that both
average logins per week (AvgLogin/wk) and average completion rates (AvgCompRate) statistically
significantly increased at the 5% level of significance following the introduction of the EWS tool in
the course in week 4. The two variables retained statistical significance when analysed in the
context of the other independent variables, hence showing their predictive strengths.

For the AvgLogin/wk the p-value and Z value were .000 and −10.169, respectively, which showed
that a significant difference existed between the average login frequency per week from week 1 to
week 3 compared to the period when the EWS was active (week 4 to week 14). From Table 1 it is seen
that this difference amounted to an increase of about 0.21 on average (or approximately 21%) after
the implementation of the EWS tool.

For AvgCompRate, a p-value= 0 with Z value =−25.95 meant that there was a statistically signifi-
cant difference in the AvgCompRate of tasks in the course after the introduction of the EWS. From
Table 2 it is seen that this difference amounted to an increase of about 0.12 on average (or approxi-
mately 12%) after the implementation of the EWS tool.

Table 2. The average and median levels of logins per week and completion rates.

EWS Mean Median Mean diff Median diff

Average login/week Before 2.9268 2.8788 0.2088 0.2212
After 3.1356 3.1000

Average completion rates Before 0.69 0.75 0.1208 0.11
After 0.8108 0.860
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Having established a statistically significant effect of the introduction of the EWS in week 4 of the
course on the two predictors (AvgLogin/wk and AvgCompRate), the next step was to investigate
whether the two predictors had an effect on the outcomes in the course (coursework marks and
final exam), hence impacting the student performance. This was carried out by considering the
degree of linear relationship (strength and direction) between these variables using the Pearson’s
correlation coefficient, r. Looking at the correlation matrix, from the two predictors, AvgLogin/wk
showed a small positive linear relationship with AvgCompRate (r = 0.54). As for the relationships
between the two predictors and the outcome of Coursework mark, AvgLogin/wk had a medium
strength linear relationship with Coursework mark (r = 0.65) while AveCompRate had a moderately
stronger relationship compared to the AvgLogin/wk (r = 0.72). Similar positive relationships were
also seen between the two predictors and the final mark (AvgLogin/wk versus final mark r = 0.64
and AvgCompRate versus final mark r = 0.67). These again showed the high predictive strengths of
the two predictors.

Having seen positive correlations between the predictors and the outcomes of the course, a pre-
diction model was developed for the purpose of monitoring student performance for the duration of
the course. This prediction model used AvgLogin and AvgComprate as independent predictors while
coursework mark as the dependent outcome. Multiple linear regression modelling showed an
adjusted R² = 0.608, which meant that 60.8% of the variation in the coursework mark could be
explained by AvgLogin and AvgCompRate (see Table 3).

Table 4 provides an analysis of variance ANOVA which basically tells us there is a significant effect
of the predictors on the CourseworkScore at the p-value = .00 < .05 level for the three conditions [F(2,
1400) = 1090.471, p = .000], and illustrates that this is a statistically significant model fit to predict the
coursework mark. Table 5 provides the predictive variables of CourseworkScore and their statistical
significance according to the SSPS analysis. Both predictors are statistically significant at 5% level
of significance.

The regression model that has been developed is given below:

Coursework mark = 3.249∗AvgLogin
wk

+ 29.910∗AvgCompRate+ 5.822. (1)

The t-statistics confirm that the statistically solicited intercept and beta weights contribute signifi-
cantly to the model. The regression coefficients for the model are 3.249 for AvgLogin/wk and
29.901 for AvgCompRate. Changing the AvgLogin by one standard deviation (which is 1.106) while
holding the AvgCompRate constant would increase the coursework mark by 3.249 standard devi-
ations. While changing the AvgCompRate by one standard deviation (which is 0.175), holding AvgLo-
gin/wk constant, would increase the coursework mark by 29.901 standard deviation. Hence
demonstrating that AvgCompRate had a greater relative effect on coursework mark than AvgLo-
gin/wk.

Table 3. Model summary.

Model R Adjusted R2 Std. error of the estimate

0.780a 0.608 42614.323
aPredictors: (Constant), AvgCompRate_After, AvgLoginAfter.

Table 4. ANOVA.

Sum of squares df Mean square F Sig.

Regression 85228.646 2 42614.323 1090.471 .000a

Residual 54710.328 1400 39.079
Total 139938.974 1402
aDependent Variable: CourseworkScore.
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It is important to also evaluate the model’s suitability at explaining the data. One of the many ways
to do this is to visually examine the residuals. If the model is appropriate, then the residual errors
should be random and normally distributed. In addition, removing one case should not significantly
impact the model’s suitability. R provides four graphical approaches in Figure 4 for evaluating a
model.

The plot in the upper left shows the residual errors plotted versus their fitted values. The residuals
are randomly distributed around the horizontal line representing a residual error of zero; that is, there
is no distinct trend in the distribution of points. The plot in the lower left is a standard Q–Q plot, which
again suggests that the residual errors are normally distributed. The scale-location plot in the upper
right shows the square root of the standardized residuals as a function of the fitted values. Again,
there is no obvious trend in this plot. Finally, the plot in the lower right shows each points leverage,
which is a measure of its importance in determining the regression result. Superimposed on the plot
are contour lines for the Cook’s distance, which is another measure of the importance of each obser-
vation to the regression. Smaller distances mean that removing the observation has little effect on
the regression result. All in all, suggesting that the entire model is quite suitable for prediction
purposes.

Table 5. Coefficients.

Model

Unstandardized coefficients Standardized coefficients

t Sig.B Std. error Beta

(Constant) b0 = 5.822 0.793 7.339 .000
AvgLogin/wk b1 = 3.249 0.180 .360 18.054 .000
AvgCompRate/wk b2 = 29.901 1.136 .524 26.311 .000

Figure 4. Four graphical approaches evaluating the aforementioned regression model.
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Student feedback

The overall student feedback from the course surveys was generally positive. The only few exceptions
were technical issues highlight where students faced intermittent Internet connection which affected
them from getting alerts on time or accessing and completing the learning materials or completing
assessment tasks. Additionally, in the post-course survey, close to 90.3% of the students found the
EWS tool useful and recommended that it should be included in other online and blended
courses. The following were some of the comments posted in the end of course evaluation about
the new tool:

‘The EWS has helped me to keep up with the UU100 Demands. Without it, I don’t think I would have been able to
do all my works and handed them in on time.’

‘I just loved it as it helps remindme that I need to keep up with my work which I sometimes forget to do … I think
it the best system to use’

‘Mobile phone should have EWS for students to access it while outside campus’

‘Every course offered by usp should have this EWS for keep reminding the students’

‘Well for me I never came across any problem using the EWS but it really helped me in keeping myself organized
and finish my activity on time to avoid disappointments so thumps up to EWS’

‘This warning system helps students or alerts students on their activities that students would otherwise may have
over-looked’

Discussion

As the students engage more and more in online learning using the ICT tools, it is becoming possible
to study their interaction in an online environment to understand better their learning behaviour,
preference, attitude, perception, and also their persistence and retention, by carrying out analytics
using data captured in the LMS. Deploying tools such as EWS allows the educators to identify stu-
dents at risk of either failing a course or dropping out (Atif, Bilgin, and Richards 2015; Baepler and
Murdoch 2010; Colby 2005; Corrin and de Barba 2014; Macfadyen and Dawson 2010). These alert
systems allow HEI to review the effectiveness of the course delivery and take timely educational inter-
ventions in order to provide students with the opportunity to learn and perform better in their online
or blended courses (Atif, Bilgin, and Richards 2015; Kovanović et al. 2015; Macfadyen and Dawson
2012; Siemens and Long 2011), and to persist and remain in their programmes.

It was seen that the introduction of the EWS in week 4 of this course led to two behavioural
changes with the students. These were seen in terms of the increase in AvgLognin/wk and AvgComp-
Rate of activities in the course. Some of the activities were assessed and hence the completion of
these activities led to an increased coursework mark. The analysis showed that 60.8% of the course-
work mark could be attributed directly to AvgCompRate. The average login per week also increased
by approximately 7%. The fact that students could see their own performance for each activity or
completion meant that they saw where they were placed with respect to the rest of the class. This
brought about a change in the behaviour and attitude of many students, resulting increased
logins and completions. Such behaviour could be seen broadly as a kind of social learning (Razieh
2012) where students saw that the others in the class had done the work and they were lagging
behind. Consequentially, they took the initiative to complete the pending tasks. These reinforce
the usefulness and importance of IT tools such as EWS in education.

Since the number of activities and assessments are evenly distributed throughout the course, this
change in their engagement behaviour and completion rate is very encouraging. This also had a posi-
tive and significant correlation towards their overall performance in the course, evident from the
regression model developed that could predict student performance on a weekly basis based on
their AvgLogin/wk and AvgCompRate activities.
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The model can be very useful to measure the progression of individual students in mostly a
blended or online course over time and a timely means to identify students who may be under-per-
forming or are at risk of failing or dropping out. This could become an extension to the current login
and completion tracking mechanism in the EWS tool. IT tools can be powerful in assisting students
improve their own performance in the course. As students engage more and more with digital tech-
nologies in their studies and socially, such tools become important indicators, measures and contri-
butors to their learning. Additionally, with some guidance through tools such as the EWS the
effectiveness of learning can be significantly enhanced.

There is still limited research into measuring the effectiveness of providing early warning alerts to
students and how these lead to change in behaviour of students which ultimately leads to improved
performances. Fritz and Whitmer (2017) emphasized the need to use data to bring about effective
changes in student behaviour online to further benefit the students. There is, however, a significant
interest in this subject in the recent past. The studies by Uekawa et al. (2010) and Arnold (2010) show
improvements in student performance following the introduction of such early warning alerts in
courses.

The newly proposed EWS was designed to capture student logins, completion of activities and
online engagement. It did not capture what students did outside the online environment and the
non-cognitive factors such as socio-economic status, family matters, depression, to name a few,
and hence may not be seen as a complete account of students’ skills, knowledge and behaviour.
This can be seen as one of the limitations of the proposed EWS. However, since virtually all learning
and assessment activities were online it did provide a comprehensive analysis of student engage-
ment in the course, enough to produce results of the engagement. If learning is to be measured effec-
tively then learning activities need to follow appropriate assessment. In designing online activities
such considerations become critical. In addition to this, the role of the instructor becomes important
in providing guidance at various stages of the learning process either in real time or in the form of IT
tools built in the EWS.

Another limitation of the EWS is that it can only be used in courses that have a significant online
presence. Student interactions for learning need to occur in a virtual environment. Hence, while this is
an effective tool to monitor student progress and provide support in an online or blended course it
will not be an effective tool in a face-to-face course. We note that the virtual learning environments
provide a superior platform for carrying out learning analytics.

This research has the potential to change how learning and teaching occurs in higher education.
The instructors and facilitators are increasingly faced with large classes, high student diversity and
multiple modes of delivery of their courses. Notwithstanding the not so desirable attributes, they
still wish to see all their students perform well, complete activities and assessments in a timely
manner, and attain high academic achievement. The fact that this research used actual data on
student engagement and was used to correlate it to their performance through an ICT tool means
that HEI and instructors can start to understand their students better at the course level. This is
where such early warning tools are useful as they help instructors keep a track of all their students.
Through these tools, they can also concentrate on the ones who may be lagging behind or not per-
forming well or those who may be way ahead than the rest in the course. Using such understanding,
early intervention is possible and focused support can be given to students who need it. Often stu-
dents themselves do not know how well they are doing unless they have an assessment, which in our
case is around the middle of the semester. This then allows intervention to occur rather late. Particu-
larly in large classes if students at the risk of failing are identified early and without having to mark
assessments then it makes the instructor’s assessment of students significantly easier and quicker.

Early detection and subsequent intervention can help instructors keep their students motivated
and engaged in the course, design personalized activities and instruction, and refer to the faculty
for academic advice and learning support to those in need. These learning strategies can potentially
be different for the different modes of course delivery. For example, instead of referring a student
enrolled in an online course to a workshop on time management held on campus, the instructor
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may attach an edutainment module on time management as a mandatory activity for the student
online. Additionally, there can be targeted online remediation as a conditional activity for the stu-
dents at risk in blended and online courses. The EWS can also help the instructors identify early
and rework on those activities and assessments which are not seen to be attended well by students.
Development of effective online tools for guiding students following EWS results will remove the
burden on the instructor to provide this guidance. It must be added that, while the instructor’s
role transforms into that of a facilitator with the inclusion of this tool, the teacher remains at the
helm of the course and the student success.

Conclusion and future work

Blended and online courses develop self-directed learning in students, hence and an early alert or
warning system will help students to be on track and aid in this self-directed learning journey (Kova-
nović et al. 2015). This new ICT leveraged tool can enable instructors and facilitators identify student
weaknesses, academic and non-academic, so that they can nurture them through targeted strategies
and learning pedagogies. Early detection and timely intervention can help them keep their students
motivated and engaged in the course, design differentiated and personalized activities and instruc-
tion, and refer to the faculty for academic advice and learning support to those in need. All in all,
helping produce graduates who are life-long and life-wide learners.

Increased logins and completion of tasks in this study show students self-regulation of learning.
With the help of the proposed EWS students begin to monitor their progress more closely and
aim to meet the required activities in the course. In a purely online environment there is no presence
of a teacher to regularly guide students, hence the EWS allows students to have some form of gui-
dance as they engage in their courses. For the teacher this tool is also very useful as it allows them to
identify students at risk and intervene early enough to assist them. The fact that we can predict per-
formance of students early in the semester means that these students can be assisted in a focused
way and to improve their performance.

This work can be further refined to integrate the functionality of predicting students’ grades in
their courses very early into the course, by designing an AI algorithm which considers their past
and current performances in the discipline. As the data collects in the online environment the pre-
dictions can be fine-tuned and better predictions are possible. The algorithm will inter alia assign stu-
dents to one of the at-risk levels and direct to specific activities from the at-risk intervention
programme of the university. Also, in this research we considered the student interactions (logins
and completions) as two measures of success. Future research can look at the impact of specific learn-
ing activities on performance. Such an exercise can also lead to determining activities that might be
more suited for particular disciplines in bringing about optimal learning. There is also a dire need to
include appropriate non-cognitive factors as well such as financial aid, family matters, in order to
depict the complete picture.
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