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Abstract: The dynamic nature of technological advances is causing 
changes in many fields and especially in tertiary education. Student 
numbers are increasing annually and institutions need to maintain education 
quality whilst ensuring student retention. A specialized learning 
management system (SLMS) was developed in this study that provides 
students with comprehensive feedback which will enable them to better 
manage their academic performance. It will also assist 
institutions/lecturers in identifying at-risk students early in a semester to 
facilitate retention. The system uses a prescriptive analytics engine 
implemented by means of mathematical modelling techniques together 
with an algorithmic approach to process academic student data in real-
time. Feedback is delivered timely and is comprehensive in the sense that 
it presents students with individualized instructions towards improvement 
in a module. The system was implemented in a field test and evaluated 
according to validation criteria established from a literature study on 
related research efforts. A survey was conducted to measure user response 
in terms of the identified factors. The results showed that the SLMS 
conforms to the attributes essential to an action-recommender system and 
was favorably accepted by the target users. 
 
Keywords: Academic Feedback, Learning Analytics, Specialized Learning, 
Management System 

 

Introduction 

The success of education is determined by various 
factors with an institution, a faculty and students all 
playing contributing roles towards reaching this goal. The 
face of education is changing due to new teaching-
learning techniques being implemented on a variety of 
different platforms. A troubling yet consistent pattern that 
has been observed in education, is the simultaneous 
decline of student motivation and engagement over the 
progression of a school year (Patall et al., 2018). A similar 
pattern has been recognized in student participation in 
academic activities at tertiary institutions (Du Toit, 2015). 
An activity as simple as attending classes, for example, is 
a greater predictor of possible tertiary academic success 
than high school grades (Carroll and St. Peter, 2017). 
The benefits for students in attending classes are obvious 
but lecturers need to change the ways in which they 
teach and assess by incorporating new technological 
advances into their teaching methods so as to also 
motivate them to participate in academic activities 

(Massingham and Herrington, 2006). This plays an 
integral role in the employability development of 
students (Jepson and Ryan, 2018). 

Academic motivation is an enactment of a person’s 
will to attend classes, partake in discussions and endeavor 
to learn and achieve success in their studies (Beck, 2004). 
Studies show that the implementation of self-monitoring 
initiatives in mainstream classrooms result in increases in 
students’ participation and subsequent academic 
achievement (Rock, 2005). Students who try to self-
regulate their studies display responsibility in terms of 
controlling and performing actions relating to their studies 
(Garcia, 1996). Also, students that self-motivate exhibit a 
sense of self-management and achieve greater academic 
success (Di Domenico and Fournier, 2015).  

Continuous new developments in computer 
technology has had an impact on education in the sense 
that activities are gradually becoming more dependent on 
the Internet (Fındık-Coşkunçay et al., 2018). This has 
led to the emergence and growth of e-learning wherein 
course material and various other resources are made 
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available to learners over the Internet. One of the most 
commonly used types is a Learning Management System 
(LMS) which is generally used to administer, document, 
track, report and deliver educational resources and 
assessment material. LMSs implement learning analytics 
tools that can be functional for creating student activity 
profiles from their digital footprints, thereby assisting 
lecturers and institutions with various administrative 
tasks. Many of these systems perform very specific tasks 
like talent management (Bersin, 2015) or Software-as-a-
Service (SaaS) learning management (Lin, 2015). Such 
systems are referred to as specialized Learning 
Management Systems (SLMS) because they perform 
specific actions within an exact field and towards 
explicit goals. A LMS that simply provides statistics on 
student resource use, will not have such a motivating 
effect on students. An SLMS however, will not only 
inform students on their current academic performance 
but will also provide them with ways to improve towards 
the close of the semester (term). Such an SLMS will 
require specialized information like the number and 
formats of the assessments planned for a semester and 
utilize techniques, like mathematical modelling and 
learning analytics to continuously create improvement 
plans for individual students, based on their current 
performance. The resulting SLMS can be considered an 
action-support recommender system (Kaklauskas et al., 
2013) which will assist students in deciding what actions 
to take in order to improve their academic standings. 

Learning analytics as a research field describes the 
measurement, collection, analysis and reporting of 
learner data and can be used to determine which students 
appear to be at risk of failing a course (Sclater et al., 
2016). Research of the incorporation of such analytical 
tools into an SLMS, the extent of usefulness towards the 
learning experience as well as the way in which the 
information is reported, remain a concern. There are 
specific issues that need to be addressed when academic 
feedback is presented to students and lecturers (Van der 
Merwe et al., 2018a). Although feedback is essential to 
the improvement of learning, it needs to be provided in 
such a way that it is correctly interpreted by the users 
(Lee, 2018). This can be done effectively through 
development of an ideal SLMS interface to use for 
presentation of properly formatted feedback. 

The main problem is that although technology 
advances have caused an increase in student enrolment 
numbers, the retention rates remain low. The research 
question of this study is therefore to determine if an 
SLMS that uses mathematical modelling and learning 
analytics techniques can improve learning and the 
subsequent student retention rates. 

Research and development of a specialized product in 
education that has the purpose to improve learning, are 
typically done according to specific phases as described 
by Darmawan et al. (2018). The phases are discussed in 

concurrent sections in this study which commenced with 
problem identification in the introduction. This will be 
followed by a literature study on current work relating to 
the use of LMSs, learning analytics, feedback in the 
academic environment and software development in the 
next section. The development of the SLMS is discussed 
in the section titled “Method” in which evaluation 
criteria for system validation is also outlined. A field test 
in the form of a case study and deficiency corrections is 
then discussed in “Field testing”. This is followed by a 
discussion on the research findings and the paper closes 
with concluding remarks.  

Related Work  

Due to the special nature of an SLMS, its evaluation 
criteria cannot be limited only to that of a LMS. 
Consideration needs to be given to the methods 
implemented to perform special functions as well as the 
output it provides. Therefore, the SLMS must be 
evaluated against the criteria for a LMS and specialized 
learning analytics that provide output towards action-
support recommendations. 

The frequency of use of a LMS by end-users gives 
an indication of how successful it has been 
implemented. To properly evaluate the user 
satisfaction level when using LMSs, Almarashdeh et al. 
(2018) investigated the factors that influence students’ 
satisfaction with LMSs in tertiary education programs. 
These factors were taken into consideration in 
establishing evaluation measures for user satisfaction 
of the SLMS developed in this study. These measures 
are outlined in the next section. 

Learning analytics is a concept that describes the 
collective processes applicable when working with large 
quantities of student data (Dietz-Uhler and Hurn, 2013). 
It is traditionally implemented as part of a LMS and used 
to provide information regarding individual students’ use 
of specific resources supplied to them by a lecturer 
(Yulianto et al., 2018). Researchers demonstrate 
differing perceptions on the use of learning analytics and 
its usefulness for improved learning (Ellis et al., 2017). 
There is concern regarding the interpretability of 
learning analytics in terms of what it indicates about 
student activity as opposed to measuring the quality of 
learning that is actually taking place (Ellis et al., 2017). 
Various investigations have been done to improve one or 
more of the phases (measuring, collecting, analyzing and 
reporting) of learning analytics for the purpose of 
improving the type of information available to both the 
lecturer and the student (Hernández-Lara et al., 2018; 
Schumacher, 2017; Van der Merwe et al., 2018b; 
Yulianto et al., 2018). By combining learning analytics 
with data mining techniques, valuable information 
relating to students who appear at risk of failing the 
program, curriculum structures and prediction of 
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academic performance, can be gained. Lecturers 
typically use learning analytics to identify students who 
do not actively access the resources given so that they 
can intervene at an early stage during the program and 
prevent students from falling behind. However, 
depending on the type of material shared on LMSs, such 
information does not necessarily present an accurate 
estimate of which students are at risk of failing.  

Daniel (2015) argues that to effectively improve 
learning, specialized learning analytics in the form of 
prescriptive analytics is also required. This form of 
learning analytics enables a decision maker (the student) 
to gain perspective on specific actions that need to be 
performed in the near-future in order to improve 
learning. Data must be collected consistently throughout 
the learning process and implemented to create a 
structure which will enable a student to make informed 
choices on alternate actions of participating in 
academic events, based on valid predictions. Academic 
data can be analyzed in this way to create a personalized 
learning experience for each student (Daniel, 2015).  
Ellis et al. (2017) found that there were some concerns 
relating to data collection and interpretation as part of 
learning analytics and they worked to combine 
observational and self-report data towards finding a 
solution. Suthers and Vebert (2013) stated that learning 
analytics methods should be supplemented with 
techniques that provide more comprehensive information 
on the extent of student success. 

Implementing learning analytics to keep students 
informed of their academic performance can improve 
student retention rates (De Freitas et al., 2015). An 
academic status report can be compiled from the grades 
that a student achieved in all of the formative 
assessments completed, from the very start of a semester 
up to the present. Such assessments can include formal 
tests, informal tuition tests, practical assignments or even 
class attendance. For each of these groups, an average 
mark is typically calculated which contributes a certain 
percentage towards a participation mark. A participation 
mark represents a student’s level of participation in 
academic activities throughout a semester and can be 
used to determine whether a student is allowed to take 
the final examination. Van der Merwe et al. (2018b) 
presented the use of mathematical modelling 
techniques to perform data analyses on student data in 
order to generate and produce academic status reports. 
A linear programming model was utilized to determine, 
for each individual student, the weight distribution for 
each of the assessment groups that would result in a 
minimum and maximum participation mark, provided 
that the weights remain within predetermined limits. 
For the formulation of the linear program, refer to 
Appendix A. An academic status report at a specific 

point in time during a semester typically consists of the 
group averages that a student has achieved up to that 
stage, the current minimum participation mark and 
ranking level that informs the student how he/she is 
progressing in relation to the rest of the class. 
Furthermore, an algorithm was developed to generate 
an individualized improvement plan for each student as 
well as targets towards the calculated improvement. 
The algorithm is available in Appendix B. The research 
embodies the combination of learning analytics with 
mathematical programming techniques as prescriptive 
analytics. The resulting academic performance profiles 
created for students, conformed to the three 
requirements for feedback to be effective which include 
feed-backwards (a current performance status report), 
feed-upwards (improvement goal) and feed-forward 
(activities to be performed towards reaching the 
improvement goal) as set by Hattie and Timperley 
(2007). Detailed discussions of the models can be found in 
Van der Merwe et al. (2018b). The feedback must be 
presented to either a student or lecturer user in such a way 
that the best choice of action(s) for improved learning can 
be made easily. Towards this end, Jameson et al. (2014) 
created a set of criteria for an action-support recommender 
system, which were considered to establish evaluation 
measures for the SLMS developed in this study. 

The SLMS created in this study is a specialized 
LMS, uses learning analytics techniques and provides 
academic feedback in a user-friendly interface. This 
section presented a brief introduction on recent work 
in these research fields towards setting criteria for 
evaluating the SLMS. These criteria are stated in the 
next section, followed by a presentation of the 
developed system. 

Method 

This study was conducted according to the 
positivistic paradigm for Information Systems (Siponen 
and Tsohou, 2018). An action design research method 
was used to develop the SLMS which was implemented 
in a case study. Data was collected by means of a 
structured questionnaire in a convenience sampling 
procedure. Figure 1 presents the interconnection between 
the development and implementation elements. 

The developed SLMS consists of components from 
varying research fields, requiring it to be evaluated in 
terms of a combination of criteria. In order to evaluate 
student satisfaction with the new SLMS, the following 
criteria were adopted form Almarashdeh et al. (2018): 
 
• Information Quality (IQ) that refers to the output 

provided and can be measured in terms of accuracy 
and reliability 
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• System Quality (SQ) can be measured in terms of 
availability and response time 

• The perceived Ease of Use (EOU) refers to how user 
friendly the system is to the end-users 

• Perceived Usefulness (PU) refers to the expectation 
of the users in terms of the effect it will have on 
their work performance 

• The User Satisfaction (US) of the students can be 
measured according to their expectation of the 
system and the subsequent confirmation of the 
expectations  

• The Net Benefit (NB) of a LMS is measured 
according to its efficiency and indicates the balance 
of the positive and negative effects on a user 

 
During development of the SLMS, the following 

criteria needed to be considered in terms of an action-
support recommender system (Jameson et al., 2014): 
 
• The information provided must be relevant (IR) to 

assist the user in making informed decisions 

• The content must be displayed to the user so that 
it is effectively interpreted, processed and acted 
(IPA) upon 

• Mechanical tasks like computations (MC) must be 
done by the system 

• The system must correctly advise (UA) the user on 
the proper action(s) to take 

• The domain must be designed (DD) in such a way 
that the user can make an informed decision 

• The system must evaluate (DE) the different 
decisions that a user can make 

 
The criteria were translated into a survey that users 

completed upon using the SLMS. The survey constructs 
and their relations to the criteria are shown in Table 1. 
Feedback was provided to students in spreadsheet format 
throughout the semester and the SLMS was only 
presented to students after finalization of the semester 
test. Therefore, system quality (SQ) in terms of 
availability and response time, was not evaluated by 
means of the survey. 

 

 
 

Fig. 1: Interaction between the relevant elements 
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Table 1: User survey 

Criteria Constructs 

NB, IQ 1.  The feedback system keeps me informed on my current academic standing (current marks and level of 

  participation) throughout the semester. 

NB, UA 2. The feedback system provides me with effective improvement goals (how much I can still improve on 

  my participation mark). 

NB, UA, IQ 3. The feedback system effectively provides for specific targets (which assessments to complete and what  

  marks to achieve in them) that will help me to make informed decisions on how and when to participate in 

  academic activities throughout the semester. 

PU, IR, US 4. The feedback system will help me to monitor my progress throughout the semester. 

PU, IPA 5. The feedback system will motivate me to participate in upcoming academic activities. 

PU, IPA, UA 6. The feedback system will provide me with essential tools to self-regulate my academic conduct  

  participation in upcoming activities). 

EOU, IPA 7. The feedback system is easy to use. 

EOU, IPA 8. The feedback delivered is easy to understand and interpret. 

IR, US 9. I will use the feedback system throughout a semester. 

DD 10. I prefer to receive feedback in: 

  a) Spreadsheet format as provided up to now; 

  b) The new SLMS; or 

  c) Both formats. 

 

 
 

Fig. 2: Structure of the SLMS 
 
The Mechanical tasks (MC) such as computations 

were done by implementing the prescriptive analytics 
engine as described by Van der Merwe et al. (2018b) and 
was subsequently not evaluated in the survey. 
Respondents were invited to indicate their level of 
agreement with statements 1-9 on a Likert scale ranging 
from one (totally disagree) to seven (totally agree). For 
evaluation of the Domain Design (DD), students were 
asked to select which feedback format between the 
normal spreadsheet format and the SLMS they preferred 
to use. Decision Evaluation (DE) is automatically 
performed when the SLMS is used because the minimum 
and maximum improvement options that can be 
implemented are both provided to a student so that an 
informed decision can be made. 

As existing grading systems are commonly stored in 
spreadsheet format, the SLMS was developed with a user 
front-end application in MS-Excel. Figure 2 shows the main 
components of the SLMS and the interaction between them. 

After processing the student data, the information 
that needs to be provided to the students as feedback has 
to be structured in such a manner that the students can 
understand its meaning and correctly interpret the actions 
that they are suggested to take. To this end, a graphical 
user interface was designed to import the processed data 
and provide it to the students in the correct format. 

Normally, during the course of a semester, a lecturer 
requires the students to take different forms of 
assessments. The grades for these assessments are then used 

Students Lecturer 

User interface 

Prescriptive analytics engine 

Specialized learning management system 
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to create an academic performance profile for each student. 
It was found in a pilot-study that receiving feedback in 
spreadsheet format could easily result in misinterpretation 
of the information (Van der Merwe et al., 2016). An 
example of such feedback, with additional explanations, 
is shown in Fig. 3. 

The SLMS gives students access to their grades 
either in the typical spreadsheet format, or they can 
view an interpretation of their performance profiles as 
shown in Fig. 4. 

To effectively advise a student on options towards 
academic improvement, the system uses an algorithmic 

approach discussed by Van der Merwe et al. (2018b) to 
determine viable possibilities. The algorithm considers a 
semester plan typically provided by a lecturer and creates 
a decision tree with all of the possible participation 
scenarios for a student. The decision tree and a student’s 
existing performance status are then used to calculate the 
maximum and minimum possible improvement on an 
existing participation mark. Figure 5 shows an example of 
an improvement plan for a student in a module where 
there are: One class test, two practical assignments and 
four attendances remaining for a semester. 

 

 
 

Fig. 3: Example of a student performance report in spreadsheet format 

 

 
 

Fig. 4: Example academic performance profile 
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Fig. 5: Example improvement plan calculated in terms of assessments remaining for a semester 

 
In the example scenario, the student’s participation 

mark will improve only if the student achieves a grade of 
76% in the next class test. The system shows the 
minimum and the maximum level of assessment 
participation and the required grade(s). 

The student survey contains constructs created from 
literature and adapted for evaluation of an SLMS and 
was detailed in this section. The measurement instrument 
as well as the SLMS developed in this study was also 
presented. The field test environment and 
implementation along with the survey results are 
discussed in the next section. 

Field Testing 

The developed SLMS was presented to students 
enrolled in a third year module at an institution for tertiary 
education during a contact session and they were invited 
to partake in the field test by using the system and 
completing the created survey. They were provided with 
their grades and participation marks via spreadsheets 
throughout the semester and the SLMS was provided to 
them only after completion of the semester test. The 
semester test is a formative assessment typically taken in 

the middle of a semester and constitutes the largest sum 
towards the final participation mark. Students were asked 
to use the SLMS and compare it with the existing 
spreadsheet feedback process. 

The students reacted favorably towards the SLMS, 
openly commenting that they found the system very 
helpful and informative as opposed to the normal 
spreadsheet feedback. There were 129 students enrolled 
in the module and a total of 97 (75%) survey responses 
were received upon completion of the field test. 

The most promising result found after evaluating the 
responses was that 93% (students who responded with a 
six or seven on the Likert scale) indicated that they would 
use the SLMS throughout the semester if implemented 
early on. Figure 6 shows how satisfied students felt 
towards utilizing the SLMS across an entire semester. The 
results show that the students view the SLMS and its 
prescriptive capabilities to be useful. One of the students 
mentioned that having access to a layout of the remaining 
assessments for a semester as well as an individual 
improvement plan can assist students in balancing their 
academic workload better. A total of 86% of the students 
commented that the SLMS was easy to use with 82% 
indicating that it was easy to understand and interpret. 
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Fig. 6: User satisfaction with the SLMS 

 

 
 
Fig. 7: Student preferences on feedback format 

 
When the question was posed as to which feedback 

format the students preferred, 78% of the respondents 
indicated that they wanted to receive academic feedback 
by means of the SLMS. Moreover, 11% felt that they 
wanted to use the SLMS and still have access to the 
spreadsheet containing the complete set of grades and 
the remaining 11% preferred feedback in the normal 
spreadsheet format only. Dissemination of these results 
is illustrated in Fig. 7.  

The response averages for the remaining factors 
are shown in Fig. 8. The figures show that the 
students consider the information provided to be 
relevant to the point that they will be effectively 

assisted to make informed decisions regarding their 
future participation in academic activities. It can also 
be deduced that they approve of the newly-developed 
user interface and feel that the feedback provided will 
be correctly interpreted.  

Although obtaining high ratings in the survey, the 
Information Quality (IQ), Net Benefit (NB) and User 
Advisor (UA) factors scored slightly lower than the 
other factors. It is believed that this is due to the survey 
being conducted so close to the end of the semester 
which meant that students had little opportunity to 
implement the advice given to them by the system. 

This section contained a discussion on the 
implementation of the developed SLMS in a tertiary 
education environment. This was followed by an outline 
of the results obtained in the accompanying user survey. 
The next section intends to discuss the research 
contributions that this study provides as well as special 
features unique to the SLMS. 

Discussion 

LMSs are widely used for, among others, 
administration, tracking and delivering educational 
resources, whereas SLMSs are created for very specific 
purposes presenting an ideal platform for supplying 
students with academic feedback. The following research 
contributions are presented by this study. 

A unique feature that this study contributes towards 
is the time-dependent improvement plans provided to 
individual students.  
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Fig. 8: Response averages for the remaining factors detailed in Table 1 
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study utilizes specialized analytical methods to address 
this problem. Furthermore, the system will improve 
student retention by assisting lecturers to identify at-
risk students and address academic-related problems at 
an early stage in the semester. 

The academic feedback provided is dynamic and 
presented in real-time. The prescriptive analytical engine 
incorporated in the SLMS implements a mathematical 
modelling technique and algorithm and can be used as 
frequently as needed to create updated academic 
performance profiles for each individual student. This 
also means that feedback is available to students at all 
times and they can access it as frequently as required.  

The SLMS provides comprehensive academic 
feedback. Research has shown that students need 
additional information for them to cultivate a 
responsibility towards their academic conduct. This 
study addresses this issue by providing students with 
information related to their current academic 
performance level. The individualized improvement 
plans generated by the SLMS are unique in that they 
provide each student with an exclusive and time-
dependent set of instructions on how to improve upon 
his/her current academic status by considering the 
remaining assessment opportunities for a specific 
module. The results have shown that students believe the 
developed SLMS will help them to better monitor their 
progress and regulate their studies. 

The research further offers empirical confirmation that 
most students prefer to receive feedback via an SLMS that 
provides supplementary information on their academic 
performance than from normal spreadsheets. It further 
shows that most students readily accepted the structured 
manner in which the new system provided the feedback. 
The feedback gives students the opportunity to personally 
identify learning problems they may have which can help 
to build their self-confidence and improve their ability to 
regulate their own progress. The respondents further 
indicated that the SLMS was easy to use and that the 
resulting feedback was easily interpreted. This contrasts 
with the students’ reactions towards the normal 
spreadsheet format in that they frequently returned to the 
lecturer with enquiries about result interpretations. 

Providing an academic ranking can assist students in 
monitoring their performance in relation to their peers, 
without detailed knowledge of their grades. The student 
ranking can also assist a lecturer to identify which 
students need additional instruction and the 
individualized improvement plans will furthermore make 
it simple for a lecturer to guide a student towards 
learning success. A lecturer implementing an SLMS like 
the one developed in this study will further benefit from 
its use by having instant online access to the academic 
performance profiles of all the students enrolled in a 
particular course. The feedback can likewise be accessed 
by students online from any platform, providing 
potential for use in distance learning courses.  

Although the SLMS was readily accepted by the 
responding students, some remaining challenges need to 
be further investigated: 
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• The mathematical modelling techniques and 
algorithmic approach utilized to create the student 
performance profiles, were discussed in a related study 
(Van der Merwe et al., 2018b) and are implemented 
here as black-box tools. This means that in general a 
lecturer has limited control over the implicit and 
explicit constructs inside the mathematical model and 
algorithm. Expanding the system to allow lecturers 
such access needs to be investigated 

• Although the system is simple to use and to publish to 
students, combining these methods into a single system 
will facilitate central organization and processing of 
student data. Incorporation of the system into an 
existing LMS therefore remains a future challenge 

• Although the number of students who prefer to 
receive feedback in the normal spreadsheet format 
was a minority, it means that some of the 
information they would like to see is not included in 
the new SLMS. As a detailed layout of their grades 
for individual assessments is available, it can only 
mean that they want to be able to compare grades 
obtained in individual assessments to those of their 
peers. This issue needs to be considered for possible 
future improvements on the SLMS 

 
This section provided a brief discussion on research 

contributions made by the development and evaluation 
of the SLMS. It further stated some issues that can be 
addressed in future developments. The next section will 
close the paper by providing some concluding remarks. 

Conclusion 

It was stated earlier that combining different 
methodological approaches can increase the value of 
learning analytics towards the quality of learning. 
Academic feedback in a module presented at tertiary 
level is key to assisting students with regulating their 
studies, as well as lecturers with improving student 
retention rates. The main concern of this study was to 
develop, implement and evaluate a system that utilizes 
mathematical modelling and algorithmic techniques as 
prescriptive analytics to provide students with academic 
status reports, improvement plans and specific actions to 
take towards the recommended plans. The SLMS would 
provide not only timely academic performance feedback 
to students in a tertiary educational environment but also 
act as an action-recommender system by providing them 
with discrete advice as to which actions to take towards 
improved learning and performance.  

This study was performed according to a research 
and development cycle published by Darmawan et al. 
(2018) and the developed SLMS was evaluated for user 
satisfaction and acceptance, as well as its effectiveness 
as an action-recommender system. The literature study 
investigated research, related to the use of an LMS and a 

recommender system and established criteria by which 
similar SLMSs could be evaluated. The SLMS was 
consequently implemented and evaluated for several 
criteria contributing to the level of LMS acceptance and 
action-recommender system effectiveness.  

A field test was performed by implementing the SLMS 
in a tertiary module after which a survey was conducted to 
measure user response in terms of the identified factors. 
The results showed that the SLMS conforms to the 
attributes essential to an action-recommender system and 
was favorably accepted by the target users.  

Although the developed SLMS currently acts as a 
stand-alone application for any tertiary module, it is 
being considered to incorporate the system into an 
existing LMS. Such a combined system will improve the 
general security of users, overall system integrity and 
enable access to the system on mobile devices. Future 
research and development on refining the system for 
mobile devices, is underway. 
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Appendix A: Linear Programming Model 

(Van der Merwe et al., 2018b) 

The average participation mark for each student is 
calculated from the maximum and minimum determined 
by solving this linear programming model: 
 

1

/ ,
n

j j

j

Maximise minimise p y w
α α

=

=∑  (1) 

 

1

| 1,
n

j

j

subject to w
=

=∑   (2) 

 
, 1,..., ,

j
l w u j n≤ ≤ =   (3) 

 

1
, 2,..., ,

j j
w w j n

−

≥ =   (4) 

 
, 0,l u ≥   (5) 

 
, 1,..., ,

j
w j nε≥ =   (6) 

 
where, wj is the weight assigned to factor j, yαj is the 
calculated average for factor j of student α and n is the 
number of factors. 

Appendix B: Algorithm for Determining 

Improvement Plan (Van der Merwe et al., 

2018b) 

The algorithm shown uses the current factor 
(different types of assessments) averages for a student at 
a specific time in the semester, a detailed layout of the 
remaining assessments and the percentage improvement 
δ required. Using truth table layout principles, a set of 
possible participation scenarios for the remainder of the 
semester is created. For s assessment opportunities, this 
will result in 2s scenarios. The assessment plan is then 
used to eliminate participation scenarios that are 
impossible within the time constraints stipulated. 
 

Input: 

y  = {y1, …, yn} is an array representing the 

current factor averages for a student in n factors, 

A = {ā1, …, ās} an array denoting the remaining 

s assessment sessions and δ the required 

percentage factor improvement. 

Output: 
An array x ̅r with r possible improvement 

scenarios. 

1 declare q(2s, n); 
‘to store all scenarios for s 

sessions 

2 for  c = 1 to 2s  do 

3  populate q with participation scenario c; 

4 end for 

5 remove duplicate rows in q; 

6 r ← number_of_rows(q);       

7 declare marks(r, n);  
‘scores required for a 

required improvement of δ  

8 
declare 

min_f_assessments(n);    

‘minimum assessments per 

factor to cause a required 

improvement of δ 

9 for j = 1 to n do 

10  
determine ej from 

āj; 

‘remaining number of 

assessments in factor j 

11  
determine tj from 

āj ; 

‘total number of assessments 

in factor j 

12  for u = 1 to ej do 

13   read yu from ; 

14 
  calculate newValue according to equation (7) 

with yu, δ  and ηu = u; 

15   if q(j, u) is possible then  

16    marks(j, u) = newValue; 

17    set min_f_assessments(j); 

18   else  

19    marks(j, u) = “not possible”; 

20   end if 

21  end for 

22 end for 

23 
declare x(r, n + 

1); 

‘for r scenarios, x has a required 

score per factor and minimum 

change in p-mark   

24 row ← 1; 

25 while row ≤ r  do 

26  for element = 1 to n do 

27 
  if q(row, element) ≤ 

min_f_assessments(element) then 

28 
   populate x(row, element) using marks(row, 

element); 

   end if 

29  end for 

30  row ← row + 1; 

31 end while 

32 output x̅r; 

 
The scores required in upcoming assessments to 

produce the desired improvement in line 14 is calculated 
according to: 
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where, marksj represents the grade a student should 
achieve in the next ηj assessments of factor j, tj is the 
total number of assessments in the term for factor j, ej is 
the remaining number of assessments for factor j and yαj 
is the current factor average in factor j for student α.  
 


